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Executive summary 
A disproportionately large percentage of health care costs and utilisation is spent on a small fraction 
of the population with complex and chronic conditions (Panattoni et al., 2011). It is widely agreed 
that effective and accessible primary health care (PHC) is central to reducing potentially avoidable 
hospitalisations (PAHs) associated with chronic disease. 
 
Predictive risk modelling is one method that is used to identify individuals who may be at risk of a 
hospitalisation event. The Predictive Risk Model (PRM) is a tool for identifying at-risk patients, so that 
appropriate preventive care can be provided, to avoid both exacerbation and complications of 
existing conditions, and acute events that may lead to hospitalisation. This Policy Issue Review 
identifies a selection of currently available PRMs, focusing on those applied in a PHC setting; and 
examines evidence of reliability in targeting patients with complex and chronic conditions.  
 
Key findings 
Fifteen PRMs were included in this review: 11 International, four Australian. Findings demonstrate 
the difficulty in comparing results across different studies of predictive risk modelling. Hospitalisation 
events are commonly the main target of PRMs examined in this review but there is a substantial 
difference between the types of hospitalisation events used as outcomes (see International models 
in Table 1). 
 
Performance of PRMs is highly cohort-dependent. PRMs vary in terms of the event they predict, the 
time period over which they predict risk (Table 1), the statistical methods and reporting used (Table 
2) and the patient predictor variables they include (Table 3). PRMs targeting specific populations (as 
opposed to the general population) typically are more accurate as they pre-select variables with a 
greater likelihood of readmission (e.g. age) and perform better statistically. For example, models that 
focus on ambulatory care sensitive conditions (ACSC) are likely to be more effective as selection of a 
condition relates to common patterns of multiple admissions over time. 
 
Measures of performance vary across models. Evidence of high performance of PRMs was based on 
a c-statistic of ≥0.8, which represents the tool’s ability to differentiate high and low risk individuals. 
The c-statistic is a standardised measure which allows comparison across models. Additional 
evidence of model performance was included where available (e.g. Positive Predictive Value (PPV)). 
The PPV is also known as the ‘event rate’ and reflects the proportion of patients who are identified 
by the model as being ‘high risk’ and then go on to actually experience the outcome being predicted. 
However, the PPV is limited in terms of comparison across studies. 
 
Thresholds chosen for risk contribute to the accuracy of the models. The PPV is highly dependent 
on a specified threshold of risk (details presented in Table 2 where available). Although most models 
achieve a respectable PPV by selecting only the highest risk cases (i.e. the top 1%), PPV declines 
rapidly when lower thresholds, broader populations or longer periods of prediction are applied to 
models. However, this may be sufficient in real-world terms if there is a need to rationalise the use of 
more expensive interventions for a small selection of people in greatest need. 
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Table 1 A selection of international models for risk prediction, population targeted, outcome 
targeted and length of prediction period 
Model Population Hospitalisation type 
Length of 
prediction time 
Adult Veterans 
Association: ACSC  
ACSC ACSC hospitalisation 90-day  
12-month 
Adult Veterans 
Association: All patients 
General population Hospitalisation 90-day & 
12-month 
Adjusted Clinical 
Groupings- ACG-PRM™ 
hospitalisation model 
General population Acute care  
Intensive care 
Critical care 
Inpatient 12+ days 
12-month 
Predictive Emergency 
admission Over the Next 
Year (PEONY) 
40 to 65 year olds, 3 
year history of 
service use 
ED admission 12-month 
Sussex Predictor of Key 
Events Predictor tool 2013 
(SPOKE)  
General population Emergency chronic admission 12-month 
Devon Predictive Model 
(DPM) 
65 to 85 year olds  
85+ year olds 
ED admission 12-month 
Elders Risk Assessment 
index (ERA) 
60+ years or older ED admission 30-day 
Probability of Repeated 
Admissions (Pra™) 
Elderly  Readmission 12-month 
Combined Predictive 
Model (CPM) 
General population Hospitalisation  12-month 
Length of Stay, Acuity of 
admission, Comorbidity, 
and number of visits to 
Emergency department 
(LACE) 
All patients Readmission 90-day 
Predictive Risk 
Stratification Model 
(PRISM) 
General population ED admission 12-month 
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Table 2 PPV, specificity and sensitivity for selected international predictive risk models 
Model PPV & sensitivity detail 
Adult Veterans Association: ACSC  For 90-day readmissions: At a risk threshold of ≥50%, PPV was 
0.08% and sensitivity 90%.  
For 1-year admissions: At a risk threshold of ≥50%, PPV was 
0.47% and sensitivity 91%. 
Adult Veterans Association: All 
patients 
For 90-day readmissions: PPV rates ranged from 0.1% in the 
lowest threshold to 34.1% in the highest. 
For 1-year admissions: PPV rates for lowest and highest risk 
category were 0.5% and 62.7%. 
Adjusted Clinical Groupings- ACG-
PRM™ hospitalisation model 
A higher sensitivity of nearly 50% was achieved at a cut-point 
of 0.125 which identified 15% of the study population. The 
PPV at this cut-point was near 30%.  
PEONY At a risk threshold of ≥49%, specificity was 99.8%, sensitivity 
4.2%, and PPV 67.1%. 
Devon Predictive Model  At a risk score threshold of 50%, sensitivity 8.4%, specificity 
99.6%, and PPV 54.6% 
Elders Risk Assessment index  Patients in the highest 10% of the risk group had a relative 
risk of 9.5% for either hospitalisation or emergency room 
visits, and a relative risk of 13.3% for hospitalisation in the 
subsequent two-year period.  
Probability of Repeated Admissions  A score of ≥0.5 effectively rules in the likelihood of admission, 
but pooled sensitivity was low (12%, 95% CI=10.5–13.6%).  
LACE LACE index ≥8 provided greater sensitivity (75.8% vs. 49.1%) 
but lower specificity (53.1% vs. 78.0%) than the LACE index 
cut-off value of ≥10.  
Risk threshold refers to the cut-off level of risk at which an individual is identified as being at risk. The choice is a trade-off 
between sensitivity and PPV. Setting a high risk threshold will select those with the greatest risk and result in a high PPV, 
but low sensitivity. Lowering the risk threshold will capture an increasing number of individuals at low risk for 
hospitalisation, and so reduce sensitivity. Relative risk = a measure of the probability of hospitalisation in those identified 
as being at high risk compared with the probability of hospitalisation in those identified as being at low risk. PPV = positive 
predictive value; the probability of hospital admission once positively identified as being at risk; sensitivity = ability of the 
algorithm to correctly identify those at risk of hospitalisation; specificity = ability of the algorithm to correctly identify those 
not at risk of hospitalisation. See glossary for more detail.  
 
Predictor variables included in models vary depending on target population and outcome. Most 
models used demographic characteristics (e.gl age and gender), specific medical diagnoses and 
health service utilisation (e.g. emergency admissions; Table 3). Prediction within models often 
improved with the addition of morbidity and pharmacy data. Three models are derived from the UK’s 
CPM algorithm applied across different settings. One predictor unique to the CPM is complex 
comorbidity as measured by a GP-defined group of chronic conditions. Most models utilised hospital-
level data. Very few PRMs specifically addressed PAHs. Four models that specifically targeted ACSCs 
or the elderly included a measure specific for chronic disease (e.g. Charlson Comorbidity Index), or 
clusters of disease recognising the complexity of chronic disease and prevalence of multimorbidity. In 
addition, patient-specific variables, such as marital status as an indicator of social support, were 
important predictors across several models. Very few models identified modifiable variables (e.g. 
obesity, smoking), which could be included in targeted interventions. 
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Table 3 Common predictor variable categories used in the selected predicative risk models  
Predictor variable AVA 
ACSC 
AVA ACG PEONY SPOKE DPM ERA Pra™ CPM LACE PRISM 
Medical history            
Specific medical diagnoses            
Multimorbidity / comorbidity            
Ambulatory care sensitive conditions            
Mental illness            
Cognitive impairment            
Alcohol or substance misuse            
Clinical and laboratory findings            
Clinical examination findings            
Laboratory findings            
Medications            
Prescribed specific medications            
Polypharmacy            
Potentially inappropriate prescription            
Health care utilisation            
Prior emergency admission            
Prior elective admission            
Prior ACSC admission            
Prior ICU admission             
Prior ED visits            
Prior Out Patient visits            
Prior specialist visits            
Prior GP visits            
Duration of GP registration            
No. previous bed days            
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Table 3 cont’d Common predictor variables used in the selected predicative risk models  
Predictor variable AVA 
ACSC 
AVA ACG PEONY SPOKE DPM ERA Pra™ CPM LACE PRISM 
Demographics             
Age            
Gender            
Ethnicity            
Marital status            
Socioeconomic group or proxy 
measure 
           
Health insurance            
Functional status            
Activities of daily living            
Mobility            
History of falls or hip fracture            
Self-rated health            
Health-related quality of life            
Frailty            
Social supports            
Lives alone            
Caregiver availability             
Community nurse visits            
Use of other social supports            
Other            
Recent stressful life event            
Adapted from (Wallace et al., 2014) 
Note: other types of predictor variables included: -hospital characteristics, driving time to closest service provider, homelessness, military service, total patient costs, receipt of drugs, 
ambulance use, number of home address changes, history of cocaine use, history of missed clinic visits, discharge status and  hospital complications
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It is impossible to evaluate a model away from its application – and it is the latter that is the 
challenge. Validation of a model is critical to test its ability to correctly identify the people most at 
risk. PRMs used in a PHC setting differ from those used in a hospital setting in terms of outcomes, 
thresholds targeted for intervention (intermediate versus high risk) and data sources. 
 
Secure, reliable, available data are required across systems and sectors. Legal and ethical 
implications need to be considered as sensitive person-level health care data are required to 
populate these models; particularly where there is a lack of model transparency, and where a model 
indicates preference for care provision that excludes sectors of the population (e.g. on basis of 
gender) (Cohen et al., 2014). For example, one way to protect confidentiality is through the use of 
pseudonymised data (e.g. CPM), which can only be unscrambled by a patient’s GP to identify their 
risk score.  
 
Statistical accuracy is only one aspect of model suitability. Caution should be taken when reviewing 
evidence for models. There is a series of proprietary PRMs with high levels of investment tied up in 
presenting results of analyses of predictive accuracy in a favourable light. Other factors which are 
important to consider include costs, time and resource intensity, and ease of use. Three models were 
included that were based on widespread implementation (CPM, LACE and PRISM); notably these 
were not the highest performing models based on statistical parameters. However, there was little 
difference in the statistical performance of the models as most of them incorporate similar sets of 
variables to predict similar events. Moreover, if implementation is overly complicated, resource 
intensive, or viewed as an impediment to service delivery, it is likely that users will abandon the 
programme irrespective of its predictive accuracy.  
 
There is little available information on the costs of introducing risk models. Two trials are underway 
which have targeted this as a research outcome (PRISM in Wales and SPOKE in Sussex) (Hutchings et 
al., 2013, Lewis et al., 2011a). There are substantial cost implications related to: investment in 
infrastructure for model development and maintenance; development and/or procurement costs 
associated with adaptation to settings; and ongoing maintenance to maintain accuracy and 
reliability. Models also require a combination of hospital and primary care data; and good linkage of 
datasets between primary and secondary care settings. There may also be added value from 
software tools that enable risk management across the spectrum (i.e. before diagnosis of a chronic 
condition). Purpose-built models that use routinely available data ensure that they can be 
implemented in a variety of health care settings without adding excessive burden with data 
collection and management. 
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Policy considerations 
PRMs may be useful tools for predicting risk of hospitalisation in certain circumstances. However, 
they should only be considered as part of a broader strategy for chronic disease management. In 
terms of the Australian health care system and approaches to identification of those with chronic 
disease and at greatest risk for hospitalisation, the following factors may be considered before 
investing in, or implementing, a particular model: 
 
 Each model (and application of the model) needs to be taken on its own merits. There is no clear 
advantage of using one tool over another.  
 PRMs are tools for case-finding; before determining which tool may be the best fit, it is 
important to clarify the type of admission being targeted, the population of interest, and the 
purpose or intent. 
 Investment in PRMs is likely to be substantial. At the system level, options include procuring an 
established model and modifying it to meet local needs, or building an entirely new model for 
the local or regional Australian setting. Commercially available versions may be more difficult to 
modify as details of the variables and algorithms are not always accessible. 
 Readmissions are easier to predict than admissions.  
 Predicting risk for hospitalisation in the subsequent year in a general population sample is much 
more difficult as there is more variability - therefore less accurate. 
 Models should target predictors of avoidable hospital admissions (age, social deprivation, 
morbidity [i.e. chronic disease diagnosis], area of residence [urban versus rural] and ethnicity); 
two main reasons for this are: accuracy may improve plus relevant variables that are modifiable 
can be identified. This can inform more targeted interventions.  
 Routinely available data ensure that PRMs can be implemented in a variety of health care 
settings without adding excessive burden associated with data collection and management. 
 To improve performance of models, detailed data on individual patients need to be available. 
Reliable, up-to-date, locally-relevant data are critical for the accuracy and relevance of using 
PRMs to target particular outcomes.  
 Clarity and consistency of disease coding is essential. 
 Widely implemented PRMs generally include data on social factors; this requires reliable data 
linkage across health and social care, particularly for use of PRMs in PHC settings. 
 Robust processes, procedures and information technology are critical to protect privacy and 
confidentiality as sensitive person-level health care data are needed to populate these models.  
 Other factors also impact on admissions and thus the predictive ability of PRMs. For example, 
systemic variation in health service provision may influence accessibility to health care (e.g. after 
hours PHC, distance from ED).  
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Background 
Population ageing, lifestyle changes, and improved life expectancy have contributed to increased 
prevalence of people with chronic conditions, often complicated by multimorbidity or the presence 
of more than one unrelated chronic condition (Islam et al., 2014). Rates of hospitalisation events1 for 
people with chronic conditions are considerable and costly. Several terms are used to describe 
hospitalisation events that are deemed to be potentially avoidable or preventable. Although there 
are some differences in definitions, for simplicity and consistency, the term potentially avoidable 
hospitalisation (PAH) is used in this review. Hospital readmissions typically refer to hospitalisations 
that occur within 28 or 30 days after discharge and are related to the initial hospitalisation (AIHW, 
2013a). Any planned admissions are excluded as only unplanned admissions are indicative of possible 
health crises. However, not all unplanned hospital admissions are preventable; and the focus of this 
report is on PAHs that may have been avoided if the patient had received appropriate treatment or 
preventive care at an earlier time. 
 
The Australian Institute of Health and Welfare (AIHW) reported 8.8 PAHs for chronic conditions per 
1,000 population in major cities rising to a substantial 19 per 1,000 in very remote areas of the nation 
(AIHW, 2011, p 156). By definition, PAHs for Ambulatory Care Sensitive Conditions (ACSCs) may have 
been avoided by timely and effective provision of non-hospital or PHC intervention including 
prevention measures (National Health Performance Authority, 2013). In the period 2011-13, 
approximately seven per cent of all hospital admissions in Australia were for 21 conditions, including 
nine chronic conditions classified as ACSCs (Table 4). In absolute terms, this represents more than 
635,000 admissions. Characteristics influencing PAHs include: age, social deprivation, morbidity (i.e. 
chronic disease diagnosis), area of residence (urban versus rural) and ethnicity (Purdy, 2010).  
 
Table 4 Potentially avoidable hospitalisations for chronic conditions, Australia 2009-10 
Chronic conditions Number 
Asthma 39,166 
Congestive heart failure 45,805 
Diabetes complications 166,126 
Chronic obstructive pulmonary disease 62,179 
Angina 33,469 
Iron deficiency anaemia 28,385 
Hypertension 6,393 
Nutritional deficiencies 236 
Rheumatic heart disease 2,607 
Source: (AIHW, 2010) 
 
A review by the UK’s King’s Fund previously defined three ways to identify patients who are likely to 
be at high risk (for a hospital admission): threshold approach, clinical knowledge and predictive risk 
models. The threshold approach uses a set of a priori criteria to identify high risk individuals, such as 
those aged 65 years and over, or number of previous hospital admissions in the last 12 months 
(Panattoni et al., 2011). This method is subject to selection bias and regression to the mean (i.e. 
those experiencing an event are less likely to experience another in the immediate future) such that 
they are inaccurate within a general population.  
                                                          
1 Hospitalisation events include the following terms: hospitalisation, admission, readmission, avoidable hospitalisation, potentially 
avoidable hospitalisation, emergency admission, unplanned admission, acute admission, potentially preventable hospitalisation, 
inappropriate hospital admission, preventable readmission. 
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Use of clinical knowledge relies on a physician’s application of clinical judgement. Research in the 
United States (US) has shown that, whilst able to identify patients at immediate high risk for events, 
practitioners have more difficulty assessing an individual’s future risk (Allaudeen et al., 2011). Across 
a larger, general population the level of inaccuracy is likely to be even greater.  
 
The third method to identify patients at high risk for hospitalisation is use of predictive risk models 
(PRMs), whereby a statistical relationship is established between a set of routinely gathered 
predictor variables and the occurrence of an adverse episode such as hospital admission or 
readmission (Panattoni et al., 2011). A recent Australian review of PAHs and PHC interventions 
identified that, while evidence was still sparse and relatively weak, PRMs were promising techniques 
to reduce avoidable hospital readmissions (Katterl et al., 2012). PRMs have been widely applied over 
the past decade in the UK and US, and more recently this has led to interest in impactibility models, 
which are PRMs designed to systematically identify a subset of at-risk enrolees for whom preventive 
care is expected to be successful (Lewis, 2010). In particular, targeting of ACSCs such as heart failure 
(HF), diabetes, etc. can improve the impact of PRMs because such conditions are amenable to 
upstream care (Lewis, 2010). It is important to recognise the distinction between models that predict 
admission versus those that predict readmissions. Generally, statistical performance is better on 
models that work on targeted populations, like those that have a chronic disease, or have had a prior 
admission. 
 
Two of the more well-known and established PRMs are the Patients-At-Risk-of-Re-hospitalisation 
models (PARR and PARR2), which were developed for the UK Department of Health. They are case-
finding algorithms, which used inpatient data to specifically identify individuals at high risk of 
readmission to hospital (The King's Fund). PARR and PARR2 (also known as PARR++) have not been 
included in this report. Although the original PARR models have been evaluated and demonstrated 
good predictive power (Billings et al., 2006), due to withdrawal of funding for development, they are 
no longer maintained; and are not compatible with the current data codes used by the NHS (The 
King's Fund). More information on the performance of PARRs and the Scottish version (SPARRA2) can 
be found in a number of evaluation reports (National Services Scotland, 2011, Billings et al., 2012, 
Billings et al., 2006, Health Dialog, 2006). Some PRMs, which are in current use, are based on 
elements of the PARR models. Similarly, the Combined Predictive Model (CPM), which used 
inpatient, outpatient, emergency department (ED) and GP data to stratify patients according to their 
risk of hospital admission, was also developed by The King’s Fund. Although the CPM is not currently 
funded by the UK Department of Health for further development, several PRMs in current use have 
been based on this model; thus CPM has been included in this report.  
 
  
                                                          
2 Scottish Patients at Risk of Readmission and Admission. 
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Australian context  
The general concept of predicting patient risk is not new to the Australian health care setting. 
Typically, in Australia, predicting patient risk is targeted to support clinicians in making treatment 
decisions and tends to be disease-specific. For example, the AUSDRISK diabetes score is used to 
identify high-risk individuals for prevention programmes in Australian primary health care (PHC) 
settings. There is also the well-known Hospital Admissions Risk Programme (HARP), developed in 
Victoria in the 1990s, to identify patients at risk of, or already experiencing, frequent ED 
presentations or hospital admissions. The HARP service delivery model is based on the Kaiser 
Permanente Chronic Care framework and the Wagner Chronic Care model and targets those at high 
risk of (re)hospitalisation by providing alternative strategies. These strategies include preventing 
health deterioration in the community, identifying alternative management for those who 
deteriorate, providing different approaches for ‘at-risk’ patients who present to hospital, and 
providing more targeted support for ‘at-risk’ patients discharged home (HARP, 2006). The risk 
calculator used in the HARP service is discussed further in the section on models relevant to the 
Australian setting (page 23).  
 
In contrast, the PRMs reviewed in this review are intended to influence the way the whole system of 
care is delivered, by predicting more general events (i.e. hospitalisations) in order to tailor preventive 
measures and planning for service delivery. PRMs in this review aim to identify patients at all levels 
of risk. As there are far more people at intermediate risk, the potential impact could be substantial if 
less expensive, cost-effective interventions could be developed for these people (Panattoni et al., 
2011). 
 
Policy context 
A disproportionately large percentage of health care costs and utilisation is spent on a small fraction 
of the population with complex and chronic conditions (Panattoni et al., 2011). In 2012, The National 
Healthcare Agreement, with the support of the Council of Australian Governments, targeted PAHs 
(AIHW, 2013b) with an aim to reduce the proportion to 8.5 per cent by 2014-15 (representing a 
reduction by 7.5% over 2006-07) by targeting PHC interventions. It is widely agreed that effective and 
accessible PHC is central to reducing hospitalisation events associated with ACSCs, specifically 
identified as influenza and pneumonia, other vaccine preventable diseases, and chronic diseases 
(Table 4) (Gibson et al., 2013). Costs associated with such admissions might be avoided if a system 
were in place to intervene before hospitalisation. At a policy level, to address the common issue of 
increasing rates of hospital readmission, both the US and UK health authorities have announced 
policies of non-payment where funding is withheld or penalties are applied for acute hospital 
readmissions within a specified timeframe after discharge for a planned hospital stay (Centers for 
Medicare & Medicaid Services, 2011, NHS confederation, 2011). The aim of these policies has been 
to provide an incentive to reduce PAHs. 
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Aims and research questions 
The main aim of this Policy Issue Review is to examine the available evidence pertaining to the 
development and application of PRMs to identify patients with complex and chronic conditions who 
may be at risk of PAHs and re-hospitalisations. The conditions listed in Table 4 have been identified 
by AIHW as the main chronic conditions associated with PAHs in an Australian setting.  
 
The research questions are: 
 What types of PRMs have been developed to identify patients with complex and chronic 
conditions who may be at risk of potentially avoidable hospitalisations and re-hospitalisations? 
What is their positive predictive value (PPV)? 
 Which PRMs have demonstrated high predictive value? 
 What are the key characteristics of PRMs with high PPV? 
 What are the strengths and challenges of using PRMs? 
 
Specifically, this review compares currently available models in terms of reliability, initial targeting of 
high-risk cohorts (ACSCs and the elderly), and the feasibility of scaling up implementation to Primary 
Health Care Organisations or state level roll-out; and the associated cost implications of these 
measures. Particular emphasis is placed on identifying models that have been rigorously evaluated, 
and to explore the strengths and challenges of using PRMs. The potential use of such PRMs in general 
practice and/or PHC settings is also explored where possible. 
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Methods 
This Policy Issue Review follows a 'rapid review' format. Rapid reviews are short literature reviews 
that focus on research evidence, with a view to facilitating evidence-based policy development 
(Grant and Booth, 2009). Due to the limited timeframe for this review (8 weeks), searches and critical 
appraisal of the literature were pragmatic rather than systematic. In order to obtain the most 
relevant material quickly, search terms varied across different databases. Consequently, replication 
of this review may result in a different literature base. A search of Australian and international 
literature was undertaken in academic and grey literature sources including, but not restricted to: 
PubMed; TROVE; Cochrane Collection; Open Grey; Google Scholar; and publicly accessible websites 
of relevant study groups such as The King’s Fund and The Nuffield Trust. Keyword terms applied in 
the searches were as follows: ‘predictive risk model’ AND ‘hospital’ OR ‘hospitalization’ OR 
‘hospitalisation’ OR ‘primary care’ OR ‘admission’ OR ‘emergency’. Searches were restricted to 
English language, publication period 2009-2014, and the following settings: Australia, the United 
Kingdom, Canada, New Zealand and the United States. The primary area of interest focused on the 
chronic conditions listed in Table 4 and targeting identification of people at high risk of emergency 
admission or readmission. Studies that reported risk factors only and did not develop a model were 
excluded. In addition to the published literature, numerous web-based publications and data 
representations were consulted to gain an overview of individual model structures. Relevant 
systematic reviews identified in the searches were assessed for quality using the well-established 
AMSTAR ratings based on published criteria listed in Table 10 (Appendix A) (Shea et al., 2009).  
 
The scope of this review was limited to the extent to which PRMs predict hospital admissions, 
readmissions and ED visits. Admissions for other services, such as social care services, were excluded.  
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Findings 
This Policy Issue Review provides details about 15 PRMs, including their development, target 
population, data sources, variables used for the model, risk score, application beyond 
derivation/validation of the model, and evidence on cost implications where available.  
 
Technical Considerations 
The predictive accuracy of a model is influenced by the event predicted, set of patient variables used, 
time period for prediction and statistical techniques employed (Panattoni et al., 2011). Formal 
assessment of accuracy is very important, but the decision to implement a PRM may also depend on 
the importance of the outcome predicted and the practicalities related to implementing the tool 
(e.g. accessing relevant, up-to-date data). Therefore, in some cases accuracy, as reflected in 
statistical measures, will be more important; in others, the inclusion of actionable variables that can 
be addressed in PHC settings (e.g. targeting ACSCs), or the ease of model implementation, or cost-
effectiveness will take priority.  
 
Table 5 The relationship between positive predictive value, sensitivity and specificity  
 
Individual 
predicted to have 
an admission 
Individual not 
predicted to have an 
admission 
  
Admission True positive (a) False negative (b) 
Total admission 
(a + b) 
Sensitivity: Probability of a 
positive prediction resulting 
in an admission 
a/(a + b) 
No 
Admission 
False positive (c) True negative (d) 
Total no admission 
(c + d) 
 
 
Positive Predictive 
Value 
Probability of 
having an 
admission given a 
positive prediction 
result in the 
population  
(a/(a+ c)) 
Specificity: 
Probability of a 
negative prediction 
resulting in not 
having an admission 
d/(b + d) 
 
True positives = number of individuals who are admitted and were predicted as at risk (a) 
False negatives = number of individuals who are admitted but were not predicted to be at risk (b) 
False positives = number of individuals who are not admitted but were predicted to be at risk (c) 
True negatives = number of individuals who are not admitted and were predicted not to be at risk test (d) (adapted from 
(Murphy, 1983) 
 
For the purposes of this review, statistical indicators (Table 5 ) of model accuracy and reliability were 
defined as: 
 sensitivity: the ability of a PRM to detect all people within the original cohort screened who were 
admitted to hospital. For example, a sensitivity of 40% means that 40% of those actually 
hospitalised were correctly identified as being at risk of hospitalisation.   
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 specificity: the ability of the PRM to correctly identify those not admitted to hospital. For 
example, a specificity of 80% means that 80% of those who were not admitted to hospital were 
correctly identified 80% as being at low risk of hospitalisation. 
 positive predictive value: also known as the ‘event rate’, PPV reflects the proportion of patients 
who are identified by the model as being ‘high risk’ and actually experience the outcome being 
predicted. For example, a low PPV of 20% means that 20% of those identified as being at risk 
would experience the hospital admission, but many others identified as being at risk would not 
have been hospitalised, and therefore, an intervention could be seen as ‘wasted’ on these 
individuals (Lewis et al., 2011b). In contrast, a high PPV means that a high proportion of those 
identified as being at risk would without intervention be admitted to hospital and, in this case, 
intervening is likely to be highly cost-effective.    
 c-statistic: reflects the proportion of times a PRM correctly discriminates between high- and low-
risk individuals. That is, a c-statistic of 0.5 indicates that the model performs no better than 
chance, 0.7-0.8 indicates acceptable discrimination, and >0.8 reflects good discrimination 
(Kansagara et al., 2011). 
 
A predictive tool consists of the PRM (mathematical algorithm that calculates the risk scores) plus the 
software platform (Lewis et al., 2011b) on which it is required to run. In some cases, models are 
integrated within the software platform and in others offered as a stand-alone PRM. For the end 
user, this will affect how flexible the system is with respect to tailoring the interface and report 
layout to meet local needs. For a PRM to be effective, the at-risk population must be identified 
before hospitalisation event peaks, such that there is sufficient time to intervene; and adequate 
resources available to improve the likelihood of preventing PAHs. However, it should be noted that, if 
patients are identified based on multiple hospitalisation events (i.e. at the peak of event occurrence), 
then regression to the mean indicates that, even without intervention, the hospitalisation rate for 
those patients will decrease over the coming year. Use of PRMs alone will not alter PAH rates; 
however, when embedded within a coordinated response to individuals identified as at high risk it is 
likely to contribute to a reduction in PAHs. 
 
The current review focuses on models used to predict hospitalisation events for people with chronic 
and complex conditions. Models were categorised broadly into five groups: 
 Models demonstrating reliable discriminative ability  
 Models targeting ACSCs and the elderly  
 Models demonstrating ease of implementation and scale-up 
 Models addressing cost implications 
 Other models relevant to the Australian setting. 
 
Where available, each model is presented in detail including development, target population, data 
sources, software requirements, variables utilised, risk score and application. Since there is a wide 
range of risk models, this review is limited to a number of key examples that are more developed in 
terms of validation and/or application, and for which published accounts were available; but these 
models also change over time and it is not feasible to provide an exhaustive list.  
 
Summary of systematic reviews 
Four key systematic reviews of PRMs for hospitalisation events were identified. The systematic 
reviews each have different, but somewhat overlapping, outcomes of interest: re-hospitalisation for 
adults with heart failure (Ross et al., 2008), any hospital readmission (Kansagara et al., 2011), and 
hospital ED admissions (Wallace et al., 2014). One additional systematic review, which provided 
further insights into issues relevant to the topic of PRMs, examined the variables used to predict risk 
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of hospital readmission (Carroll, 2013). Findings from these systematic reviews are summarised 
below. 
 
Re-hospitalisation for adults with heart failure 
Ross et al. (2008, AMSTAR rating 6/11) identified five models implemented in the US or Canada to 
predict risk of re-hospitalisation in adults with heart failure (HF) (Appendix A). In all cases, the 
c-statistic was either less than 0.7, indicating poor to moderate accuracy, or not reported; and there 
was considerable heterogeneity between the studies and final models. A more recent updated 
review3 included only one additional model (Betihavas et al., 2012). There was minimal agreement 
across studies on the variables that predicted readmission. Factors incorporated into the models 
varied, but primarily focused on patient characteristics of a biomedical nature, despite previous 
studies demonstrating the influence of psychosocial factors (Amarasingham et al., 2010, Watson et 
al., 2011). Betihavas et al. (2012) concluded that, in the context of the Australian health care system, 
there remains a need to develop a validated model to predict the absolute risk of re-hospitalisation 
in patients with HF. 
 
Any hospital readmission 
A systematic review based on literature published up to March 2011 reported on 26 unique PRMs for 
hospital readmission4 (Kansagara et al., 2011, AMSTAR rating 7/11). The aim was to synthesise the 
available literature on validated readmission risk prediction models, describe their performance, and 
assess their suitability for clinical or administrative use. Two-thirds of the models identified were 
based on US data and 14 studies only included patients aged 65 years or older.  
 
Models were listed according to whether they relied on use of retrospective administrative data, 
real-time administrative data, retrospective primary data (i.e. survey, chart reviews), or primary data 
collected in real time. Performance of models that relied on retrospective administrative data was 
poor to moderate (c-statistic of < 0.8), indicating less than good discrimination between high- and 
low-risk individuals. Three models used real-time administrative data, but only one model was 
associated with a c-statistic >0.7. Of the nine models incorporating retrospective primary data such 
as chart review, only two were associated with a c-statistic of 0.7 or greater. However, if the PPV for 
a subset of patients is sufficiently high this counteracts a lower c-statistic. 
 
Model variables were categorised into medical comorbidity, mental health comorbidity, illness 
severity, prior use of medical services, overall health and function, and socio-demographic and social 
determinants of health. Most models included specific medical diagnoses or comorbidity index, but 
few included variables reflecting overall health and function status (e.g. mobility, cognitive 
impairment, visual or hearing impairment, or illness severity). Only one Swiss study specifically 
addressed PAHs (Halfon et al., 2006). The best performing of these models used administrative data 
on comorbidity and prior use of medical services along with functional status. However, Kansagara et 
al. (2011) concluded that the overall predictive ability of the 26 PRMs assessed in this review was 
poor. 
 
Emergency hospital admissions 
A recent good quality systematic review of 27 unique PRMs that were developed to predict ED 
admission among community-dwelling adults was undertaken (Wallace et al., 2014, AMSTAR rating 
9/11). Publications up to February 2014 were included, and most models were developed in the UK 
                                                          
3 Not a systematic review. 
4 Readmission to hospital within 28 days is regarded as an indicator of the safety of admitted patient care in hospitals (AIHW, 2010) 
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or US (none were developed in Australia). The models from this review are summarised in Appendix 
C. Six models reported c-statistics of >0.8, and these tended to include information on prior health 
care utilisation, multimorbidity or polypharmacy measures, and named medical diagnoses or named 
prescribed medications. Use of ACSC as a variable was positively associated with a better c-statistic. 
Comparing the use of self-reported data to administrative data, Wallace et al. found that PRMs based 
on administrative data performed better in terms of statistical accuracy. Of the 18 PRMs 
incorporating administrative data, 11 models included general practice clinical record data, and this 
inclusion improved model performance. However, less than a third of studies reviewed included non-
medical factors such as functional status, social support, and self-rated health, which may reflect the 
constraints of the available data. 
 
Variables to predict risk of hospital readmission 
Carroll et al. (2013, AMSTAR rating 1/11) aimed to examine the evidence for variables that 
effectively predict risk of hospital readmission and so better inform the Maine Medical Partners 
Group in the US about how to improve on the current five-item risk model employed by their 
member hospitals. Details of PRMs stemming from 44 articles were supplemented with stakeholder 
interviews to gather evidence for support of the variables (Carroll, 2013). Variables that were best 
supported by current literature were the Charlson Comorbidity Index5 combined with age, previous 
admissions, social support, mental health, and low socioeconomic status. However, as noted by 
others (Wallace et al., 2014), variables reflecting social factors were often lacking.  
 
In summary, based on four independent systematic reviews, a total of 40 unique PRMs were 
identified. Most PRMs focused on 30-day and 12-month readmission, and in a limited number of 
cases, this was expanded to include mortality6 within this timeframe. Although most models were 
associated with moderate to acceptable accuracy, very few achieved good discriminatory ability (c-
statistic ≥0.8), and none exceeded a c-statistic of 0.86, suggesting that key predictors of 
hospitalisation may be missing. Chronic diseases or ACSCs, and age were often retained as significant 
variables in the more recent models, underlining the importance of these variables in explaining high 
rates of hospitalisation. Overall, the four systematic reviews demonstrated that the development of 
PRMs has evolved from early use of biomedical variables to use of variables reflecting chronic disease 
status and ACSCs; and more recently this has been accompanied by improvements in model 
accuracy. The increased emphasis on ACSCs is in line with a reported growing interest in the 
development of high impact PRMs (Lewis, 2010). However, while the statistical accuracy of models 
has improved, future model development incorporating social and socioeconomic factors may 
further improve both accuracy and subsequent intervention strategies.  
  
                                                          
5 Charlson Comorbidity Index is a method of predicting 10-year mortality by classifying or weighting comorbid conditions. 
6 Although mortality itself does not impact on service use and cost, the period of time leading up death is frequently associated with very 
high use of services. 
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Models demonstrating reliable discriminative ability 
One of the most important characteristics of a PRM is its predictive accuracy (Lewis et al., 2011b). 
Comparative meta-analysis has not been possible due to substantial heterogeneity between PRMs in 
terms of structure, derivation, target cohorts and outcomes (Kansagara et al., 2011, Wallace et al., 
2014). However, the accuracy of PRMs can be compared in a number of ways including the PPV, 
sensitivity and c-statistic (see page 13 and glossary for more detail) (Lewis et al., 2011b).   
 
Although PPV and sensitivity may be more intuitive measures because they respectively identify 
high-risk patients who would have experienced an unplanned admission without intervention and a 
large proportion of the population who are at risk, these are often not reported. In contrast, the 
frequently reported c-statistic provides a useful indication of model accuracy in terms of 
distinguishing between high- and low-risk individuals, and can be used to compare PRMs based on 
average performance (Lewis et al., 2011b). Therefore, based on a reported c-statistic of ≥0.8 
(indicating good discriminative ability) in either validation, derivation, or implementation studies, as 
well as the pre-defined selection criteria of the current review, we have selected the most robust 
PRMs identified in the current review; and the five models are presented in Table 6. Additional 
information pertaining to PPV for each model is presented in Appendix D (p 48).  
 
Table 6 Selected high performing predictive risk models and key publications 
Model name  
c-statistic 
Key publications 
90-day 12-month 
Adult Veterans Association: 
ACSC hospitalisation 
 0.86 0.83 (Gao et al., 2014) 
Adult Veterans Association: 
All patients 
 0.81 0.79 (Wang et al., 2013) 
Adjusted Clinical Groupings- 
ACG-PRM™ hospitalisation 
model 
ACG-
PRM™ 
N/A 0.80 (Lemke et al., 2012) 
 
Predictive Emergency 
admission Over the Next 
Year PEONY 
PEONY N/A 0.80 (Donnan et al., 2008) 
Sussex Predictor of Key 
Events Predictor tool 2013  
SPOKE N/A 0.82 (George and Roberts, 2013) 
N/A = not available 
 
Overall, all models identified as having good discriminative ability included the variables of the 
Charlson Comorbidity Index, or specific ACSCs; and all included hospital and/or pharmacy data. This 
underlines the influence of chronic disease on hospitalisation events. PRMs which included variables 
reflecting social or socioeconomic predictors (e.g. marital status) have the added utility that they 
offer potential information to impact intervention development beyond clinical parameters. 
Although model accuracy or discriminative ability was high for all of the models included in this 
section, for some, PPV was very poor, indicating that most patients identified as high risk were not 
admitted to hospital. PPV is dependent on the cut-off thresholds chosen. There is a trade-off 
between sensitivity and PPV. Models can achieve a high PPV by picking the highest risk cases. This is 
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appropriate in real-world terms if the aim is to focus expensive interventions on a few patients in 
greatest need. In short, what the intervention is targeted to achieve needs to be kept in mind when 
setting sensitivity and specificity of risk thresholds.  
 
Three of the selected models were developed in the US based on local populations, and three were 
developed in the UK; although some models have been successfully applied in settings other than 
those in which they were developed. For example, following investigation of the feasibility of a major 
implementation of the US-derived Adjusted Clinical Group (ACG) -PRM™ in the UK, the Integral Risk 
Intelligence Solution programme (IRIS-ACG) was rolled out in northwest of England (Cochrane, 2014, 
Majeed et al., 2001). However, such adaptation of PRMs involves significant development work, and 
the IRIS-ACG involved development of a comprehensive dataset through the primary care systems to 
include health and social care data (Cochrane, 2014). Publication of results from this and similar trials 
are eagerly awaited, but currently the relevance of these models to the Australian setting and 
population is difficult to assess. 
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Models targeting ACSCs and the elderly 
It is acknowledged that, even with the more accurate PRMs, some risk factors cannot be altered and 
a proportion of all admissions will not be preventable. In contrast, as noted by Wallace et al. (2014) 
and others, ACSCs are chronic conditions for which it is possible to prevent acute exacerbations 
through management in PHC. The frequency of ACSCs leading to PAHs increases with age (Ansari et 
al., 2012). PRMs targeting ACSC conditions and/or the elderly, and with an acceptable or better 
c-statistic (≥0.7) might be more effective at reducing PAHs. This is particularly true where the model 
variables include so-called ‘actionable items’ that can be modified through primary or secondary 
health care intervention. However, biopsychosocial aspects that occur concurrently with 
multimorbitiy influence how well interventions for specific conditions can been applied. For example, 
for a person with diabetes who also presents with alcohol addiction and lives on their own, it is 
unlikely that any adjustments to a diabetes intervention will have much impact unless the other 
determinants of health are taken into account. Conversely, identification of subsets of patients who 
are less likely to benefit (e.g. substance users) may require different approaches.  
 
Although very few PRMs specifically addressed PAHs, a number of models targeting prediction 
specific to ACSCs or elderly populations were identified, with a focus on those models targeting 
ACSCs and with a c-statistic ≥0.7. Overall, the six models highlighted in this section performed well in 
terms of statistical accuracy, with two models achieving good discriminative ability (c-statistic≥0.8), 
and none of the models reporting a c-statistic less than 0.69 (Table 7). Two of the models were 
developed based on UK patient data sources; and the remaining four models were developed in the 
US. The number of variables included in the final model varied from eight (ERA) up to a 1,000 
potential variables in the SPOKE PRM. Age was an important predictor variable and all models 
retained this and a social support indicator (marital status/informal caregiver). For more detail on 
model performance including PPVs see Appendix E (p 54). 
 
Table 7 Models targeting ACSCs and the elderly 
Model  
c-statistic 
Key references 
30-day 90-day 12-mo 2 yrs 
Devon 
Predictive 
Model  
DPM N/A N/A 0.78 N/A (Chenore et al., 2013) 
Elders Risk 
Assessment 
index  
ERA 0.71 N/A N/A 0.68 (Crane et al., 2010, 
Takahashi et al., 2011) 
Probability of 
Repeated 
Admissions  
PraTM N/A N/A 0.70 N/A (Boult et al., 1993, Wallace 
et al., 2014, Allaudeen et 
al., 2011, Novotny and 
Anderson, 2008) 
Sussex 
Predictor of Key 
Events  
SPOKE N/A N/A <0.82 N/A (George and Roberts, 
2013) 
VHA ACSC 
hospitalisation 
VHA 
ACSC 
N/A 0.86 N/A N/A (Gao et al., 2014) 
mo = month; yrs = years; N/A = not available  
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Many of these models are currently implemented as an integral component of chronic care 
management programmes or Virtual Wards, where patients receive structured care depending on 
their individual risk stratification as assessed using the PRM. Virtual wards use the systems, staffing 
and daily routine of a hospital ward to provide case management in the community. The term 
‘virtual’ is used because there is no physical ward building and patients are cared for in their own 
homes. In the UK, the only way in which patients are admitted to a Virtual Ward is if their name 
appears at the highest level on the predicted risk score on the CPM (Lewis, 2006). In Australia and 
New Zealand, some Hospital in the Home programmes deliver some of the services provided in the 
UK Virtual Ward model (Department of Health Victoria, 2012). One of the key strengths of the CPM is 
that it enables predicted need to be mapped across a region and adjusted depending on level of 
need. Reporting of real-world patient-level or cost-related outcomes is awaited. 
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Models widely implemented 
Despite lower statistical accuracy, some models are being widely implemented or assessed based on 
the ease of implementation and have been included in this review. Intuitively, this is likely to reflect 
an understanding that a model is only as good as its implementation. If implementation is an 
impediment to service delivery, the model or programme is more likely to be abandoned and an 
opportunity for improvement may be lost. 
 
A number of PRMs have been adopted for large-scale roll-out by health care providers in the US and 
UK. In particular, the LACE model (Table 8) developed in Canada has been implemented by a number 
of groups largely due to the ease of use of this four-variable model (Cotter et al., 2012, Tuso et al., 
2013, Tan et al., 2013, Wang et al., 2014). In addition, the CPM has been widely implemented 
throughout the UK as a component of the Virtual Ward, and the Predictive Risk Stratification Model 
(PRISM). The Welsh version of CPM is run centrally through the Welsh Predictive Risk Service (a 
secure website) rather than run locally as in England (Panattoni et al., 2011). For additional detail on 
each model including PPVs see Appendix F (p 58). 
 
Table 8 Models demonstrating ease of implementation and scale-up 
mo = month 
 
 
 
Model  
c-statistic 
(90-day/12-mo) 
Key references 
Combined Predictive Model CPM NR (Health Dialog, 2006) 
Length of stay, Acuity of 
admission, patient Comorbidity, 
and number of visits to the 
Emergency room  
LACE 0.68 (Spiva et al., 2014) 
Predictive Risk Stratification 
Model  
PRISM NR (Informing Healthcare, 2010) 
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Models addressing cost implications 
The costs related to PRMs consist of five main factors (Lewis et al., 2011a):  
 developing or accessing the model  
 the software  
 obtaining the data   
 labour to set up the system  
 engaging with those charged with implementation.  
 
Subsequently, once those at risk are identified, investment is required for development and 
implementation of interventions to prevent PAHs. To date, very few reports have been published of 
cost analyses related to the application of PRMs. The following section provides an insight into the 
limited studies identified in the current review.  
 
In the UK, the PARR and CPM were provided by the NHS free of charge, but it is likely that Australian 
groups with an interest in PRM implementation would attract user fees to take up this, or similar, 
externally-developed models. In addition, models such as the CPM require investment to adapt the 
model to local circumstances. Although few cost studies have been published for PRMs, the 
protocols for trials including cost-related outcomes have been published for the PRISM and Virtual 
ward programmes and these should become available in the near future (Hutchings et al., 2013, 
Lewis et al., 2011a).   
 
Preliminary data from the Nuffield Trust on the implementation of Virtual Ward programmes in three 
UK settings reported a decrease in average cost per patient in a comparison between six months pre- 
and post-virtual ward intervention. However, this is likely to be due to regression to the mean. 
Increase in general practice, social care and community costs were countered by reductions in ED, 
outpatient and elective costs (Bardsley, 2014). In terms of service access, the greatest impact was 
reductions in total bed days, elective bed days, non-elective bed days, and outpatient attendances. 
Only small changes were reported for ACSC hospital admissions, ED attendance and elective 
admissions. Although a reduction in acute admission costs by £1 million was reported in the year 
after Virtual Wards were opened in Croydon, this was confounded by multiple unrelated changes to 
health care over that period. The launch of a Virtual Ward model in the Wyre Forest district within 
Worcestershire, UK, used predictive risk stratification at the general practice-surgery level to identify 
those at risk of PAH (Jones and Carroll, 2014). Subsequently, in the period between July-December 
2010 and 2011 ED admission activity reduced by 10 per cent (637 ED admissions) representing a 
reduction in spending by £1.2 million. 
 
Cost-effectiveness of PRMs has been explored by Vaithianathan et al. (2010) who developed a PRM 
for 12-month hospitalisation in NZ. This tool was developed specifically for use as a case-finding tool 
in a subsequent financial modelling study. Model development was based on the PARR methodology 
and data for 134,262 NZ patients for the period 2006-09. Fifty per cent of the cohort was used to 
derive a PRM based on multiple variables (sex, age, ethnicity, Diagnosis-Related Groups of admission, 
length of stay, number of admissions in the past 6 months, cost weights of previous admissions). The 
final model reported a c-statistic of 0.72, a risk threshold of 70 per cent, a PPV of 73.37, sensitivity of 
8.75 per cent and specificity of 98.64 per cent. The cost analysis was based on the assumption of a 10 
per cent reduction in hospitalisation and three pre-defined intervention cost levels; and respective 
net savings for the validation cohort (50% of the total cohort) with risk thresholds of 80, 90 and 99 
per cent were projected to range from $396,000 to $1.69 million.  
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Models relevant to the Australian setting 
In addition to the more advanced PRMs described above, a number of Australian models relevant to 
the current review were identified (Table 9). Some of these PRMs have achieved moderate accuracy 
to date, but all require further development and most await evaluation and/or implementation. 
 
Queensland hospital statistical algorithm 
In 2009, Howell et al. (2009) published details of a PRM derived using patient details (including 
children) from a Queensland hospital database to predict readmission to hospital of patients with 
chronic disease. To ensure that only cases where there was potential to reduce the risk of 
readmission were included, patients were selected based on a list of 28 reference conditions 
(predominately chronic conditions), and those conditions associated with unpreventable hospital 
admissions (e.g. major trauma and cancer) were excluded. The final model included 16 variables over 
four categories: age, social economic index, accessibility/remoteness index, co-morbidities, and any 
previous admission. However, model discrimination between high- and low-risk patients was poor, 
c-statistic = 0.65, and at a risk score threshold of 50 per cent, sensitivity was 44.7 per cent and 
specificity 78.1 per cent.  
 
EMR model 
In a recent publication (Rana et al., 2014), a second model developed for Australian cohorts targeted 
unplanned readmission after myocardial infarction (MI). Based on use of EMR to obtain routine 
hospital administrative data for a small cohort of less than 2,000 regional Victoria patients, 4,471 
variables were assessed using Lasso penalised logistic regression to produce a final PRM comprising 
22 independent variables. The final model for 30-day ischaemic heart disease readmission was 
associated with a c-statistic of 0.78, sensitivity 0.65 per cent, and specificity 0.78 per cent. For 12-
month ‘all-cause’ readmission the c-statistic was marginally lower at 0.72.  
 
CSIRO model 
A third Australian model has been recently developed by the CSIRO and the Australian E-Health 
Research Centre and a Health and Hospital Service in Brisbane (and published in conference 
proceedings) (Khanna et al., 2014). The model aims to predict high risk for re-hospitalisation within 
30 days post-discharge among people with chronic disease. The model is based on data obtained 
from four public hospitals in Queensland, and relating to patients residing in a lower socioeconomic 
area of Queensland. A total of 19 variables were retained for the PRM, including length of stay, 
return time from previous event, ED visits, Charlson Comorbidity Index, marital status, age, and 
ethnic status. Although the preliminary CSIRO model for 30-day readmission was found to 
outperform the LACE PRM, and to have very good statistical accuracy, this was heavily influenced by 
the inclusion of dialysis visits (c-statistic > 0.9) (Khanna et al., 2014). Subsequent models without this 
parameter, while more realistic, appear to be less accurate (c-statistic 0.7) (Boyle, 2014). The model 
is yet to be fully validated, and requires further refinement before implementation or evaluation 
studies can be undertaken, but is highly relevant to Australian chronic disease cohorts.  
 
Hospital Admission Risk Programme (HARP) 
Finally, as a component of the HARP for coordinated care, two risk calculators were developed by 
WestBay Alliance and Western HARP Consortium to identify those with diabetes or chronic disease 
and at risk for acute presentation to hospital in the next 12 months (HARP, 2006, HARP, 2009). 
Although HARP is not a PRM per se, the HARP calculator is included here due to its application for 
patient stratification based on risk for hospitalisation. There are several versions of HARP which have 
disease-specific (e.g. cardiovascular) focus as well as those that target specific populations (e.g. 
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elderly). The common characteristic is that an emergency hospitalisation is the ‘triggering’ event 
(Billings et al., 2006). More recently, there has been an attempt to develop a calculator to predict re-
hospitalisations for people with chronic or complex care needs based on the PARR case-finding 
algorithm(HARP, 2009). The calcularo is available online and includes six categories of variables (42 
items) based on presenting clinical symptoms, service access profile, risk factors, extenuating factors, 
factors impacting on self-management, and readiness to change assessment. Based on responses, a 
score between 1 and 49 is computed. Level of risk for hospitalisation is then assigned according to 
the following: low (1-10), medium (11-23), high (24-38), and urgent (39-49). The ranges for each risk 
category were based on a trial of 50 patients. Patients in high and urgent risk categories are enrolled 
into the HARP.  
 
The HARP, of which this tool is a component, has been associated with significant reductions in rates 
of hospitalisation including 35 per cent fewer ED attendances, 52 per cent fewer ED admissions, and 
41 per cent fewer days in hospital. In addition, the HARP risk calculator is currently used by many 
local health districts engaged in the NSW Chronic Disease Management Programme, to guide risk 
stratification (NSW Agency for Clinical Innovation, 2013). 
 
Although anecdotally it has been reported that the HARP risk calculator is not sensitive enough to 
pick up changes in client risk (Peterson, 2014), details about development and validation have not 
been identified to date. Therefore, it is impossible to speculate on the reliability of this model to 
predict risk and further development of this tool is awaited. 
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Table 9 Models relevant to the Australian setting 
N/A = not available 
* PPV and sensitivity statistics were biased by inclusion of patients for dialysis. 
 
 
 
 
Model Population 
Hospitalisation 
event 
Length of 
prediction time 
Sensitivity Specificity PPV c-statistic 
Queensland hospital statistical 
algorithm 
(Howell et al., 2009) 
Chronic disease Readmissions 12 months 44.7%  78.1% N/A 0.65 
 
Electronic Medical Record Model 
(EMR) 
(Rana et al., 2014) 
Ischaemic heart 
disease 
Readmissions 30 days 65%  78% N/A 0.73  
 
CSIRO model* 
(Khanna et al., 2014) 
Chronic disease Readmissions 30 days 82%  71% 83% >0.90 
Hospital Admission Risk Programme 
(HARP) 
(Bird et al., 2010) 
Diabetes and 
chronic disease 
ED admissions 12 months N/A N/A N/A N/A 
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Summary and discussion 
PRM is one method used to identify individuals who may be at risk of hospitalisation. This review has 
identified PRMs demonstrating good discriminative ability with respect to patient case-finding, as 
well as those applied specifically to case-finding for patients with chronic disease, and PRMs which 
have been implemented widely or ‘up-scaled’, and those that address cost implications. When 
choosing whether to develop a bespoke model or purchase and tailor an existing PRM, consideration 
needs to be given to a range of factors, including the outcomes the model predicts, the accuracy of 
predictions, the cost of the model and software and the availability of data on which the model is run 
(Lewis 2011). Use of National minimum datasets pertaining to hospital admissions could be used to 
build a CPM for Australia; however, robust linkage of data is required (e.g. pharmacy, GP, social 
factors, comorbidity, hospital discharge data) to predict PAHs. 
 
In addition, the cost of development and implementation of the model for preventive interventions 
in a particular population may be substantial. Very few cost-analyses of PRM implementation have 
been performed; although a number of trials have been launched recently to examine this. It is 
impossible to meaningfully evaluate a model away from its application, which is often the most 
challenging part. No models developed and validated in Australia met the statistical criteria for 
inclusion into the current review. Whilst some models have been developed in Australia, there are no 
published applications of these models (Howell et al., 2009, Rana et al., 2014). However, through 
personal communication we became aware of preliminary reports relating to current efforts to 
develop a PRM based on Australian data obtained from four public hospitals in Queensland (Khanna 
et al., 2014). Although the preliminary CSIRO model was found to outperform the LACE PRM, and to 
have good statistical accuracy, this was largely due to the inclusion of dialysis visits, and subsequent, 
more realistic models without this parameter were less accurate (c-statistic 0.7) and require further 
refinement (Boyle, 2014). 
 
Given that chronic disease populations were the focus of this report, use of PRM should be 
considered as one part of a broader strategy for managing people with chronic disease (Lewis 2011). 
Ideally, the goal of PRM is to identify at-risk individuals for an undesired outcome for the purpose of 
intervening before the occurrence of adverse events, such as hospitalisation, that result in suffering 
and increased medical cost (Meek, 2012). Many of the models identified are already applied as 
integral components of chronic care programmes or Virtual Wards delivering care to high-risk 
patients in their own home. 
 
Outcomes 
This review includes a range of hospitalisation events that PRMs target as an outcome. However, 
once good technical accuracy is established, the application of these models to specific 
preventive/intervention programmes needs to be the focus. From this point, relevant 
outcomes/indicators need to be identified that are preventable. If they are not modifiable, then the 
ability to predict them is irrelevant.  
 
Accuracy 
The validation step is important to test a model’s ability to reliably select the at-risk people, most of 
the time. This information was not available for the Australian HARP risk calculator, making it difficult 
to ascertain where this model fits in the context of other models in this review.  
 
Most PRM models identified were developed based on use of hospital administrative and/or 
outpatient data, and only some incorporated general practice EMR data. PRMs that are relatively 
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simple and easy to administer or generate through EMRs, such as HARP, Pra™, LACE, may be best 
suited for use in the PHC setting. General practices are likely to be well placed to add information on 
social factors such as presence/absence of a caregiver, or need for assistance with daily routines.  
 
Implementation 
PRMs that are suitable for hospital and general practice settings are likely to differ because of the 
differences in data access. For hospitals, LACE is preferred because it is based on a limited number of 
easily accessed or actionable variables and can be incorporated into a care programme (Snyderman 
et al., 2014). For these reasons, it is best applied to discharge from hospital. On the other hand, 
general practice has the ability to integrate quite complex algorithms into computerised systems and 
many systems used in general practice already use risk as part of a larger suite of analytical tools. 
Even if prediction algorithms accurately identify at-risk patients, intervening to achieve desired 
outcomes is often inhibited by limitations of current disease management approaches (Wharam and 
Weiner, 2012). That is, appropriate, well-resourced interventions need to be available and accessible 
if PRMs are to have any meaningful value for improving population health. Tailoring preventive care 
to individual patients has been suggested, with identification of the channel or medium for 
contacting prospective patients (e.g. brochure vs social media), messenger (e.g. male vs female, older 
vs younger), timing (e.g. time of day), content (i.e. stages of change), and incentives as a way to 
forecast patient response.  
 
Transferability of PRMs between cohorts is another important question when considering the 
implementation of these tools to reduce hospitalisation. The biggest challenge to widespread uptake 
of PRMs has been how general practice data are accessed. The CPM, used in the UK, is considered 
more time- and resource-intensive than its predecessor (PARR) because BUPA-Health dialog sell their 
services with added local calibration (BUPA, 2015). However, there are examples of application of the 
coefficients (relationships between the predictor variables) in other settings. An adapted version of 
the US ACG-PMS™ system is also currently being implemented in the UK, as IRIS-ACG, but 
implementation required re-calibration and extensive modification for implementation. 
 
Cost of model 
Investment in PRMs is substantial. There are options from procuring an established model or building 
one from the ground-up at a local, regional or national level. There are strengths and weaknesses of 
both approaches (Crockett, 2014). Hospitals that use the clinical and business analytic models that 
are embedded in their EMR information system frequently use EMR providers for analytics. These 
can be used to generate reports related to meaningful use; however these analytics often lack 
robustness and flexibility (Crockett, 2014). Data for these models may not be well integrated with 
relevant clinical, service usage or financial information from the PHC setting, especially for patients 
managing long-term chronic disease.  
 
There are options to outsource business and clinical intelligence work to private analytics providers. 
This option does not require investment in hardware, software or internal expertise; however, it 
does limit the type of analysis and adaptability of the tool to meet changing need, i.e. the inclusion of 
an additional variable to a predictive model. It is common practice to purchase and build a PRM from 
an analytics platform vendor (i.e. ACG model). This has the benefit of allowing some short-term and 
long-term adaptability in healthcare by the establishment of an Enterprise Data Warehouse (EDW); 
thus creating a foundation on which to run analytics applications and drive an analytics strategy for 
the future. This enables meaningful intervention if the organisation connects its analytics to care 
management. For example, the Sussex CPM/SPOKE works with local coding structures, the tool can 
be kept up-to-date and recalibrated to reflect local changes in coding etc., and the output of the tool 
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is definable by the user – e.g. predict risk of any admission or just for chronic conditions (George and 
Roberts, 2013). 
 
Implementing a programme to prevent hospitalisation needs to break even, and this requires 
additional evidence around programme costs. Complex interventions are often implemented in a 
variety of ways reflecting service delivery in the local environment. For example, the use of PRMs to 
identify eligible patients for Virtual Wards programmes in the UK was only used at one out of three 
sites. The two other sites used means other than PRMs to identify eligible Virtual Ward patients. 
Although implementation of complex interventions, like the Virtual Ward programme in three UK 
sites, reported a decrease in average cost per patient, Lewis et al. (2013b) suggest that this decrease 
occurred as a result of regression to the mean; and that there was no significant difference between 
intervention and control groups.  
 
Availability of data 
The source and context of data are important as is the context within which a model is applied. The 
SPOKE developer designs customised risk models for a specified population using locally available 
data to ensure that the model created is fit for purpose. This approach seems sensible as local factors 
may well differ within countries; and differences in population demographics may mean that a risk 
model should be applied differently (Wallace et al., 2014). Similarly, the superior performance of the 
PEONY algorithm is probably because of the use of community prescribing as markers of ill health 
and long-term conditions in particular. Local factors and choice of outcome are important 
considerations in choosing a model. Capturing nonmedical factors may have a role in improving 
predictive accuracy (Donnan et al., 2008). However, models may also need to account for other 
factors such as intensity of use of PHC services.   
 
EMR provide a perfect place to capture PRM predictor information and to automate the discharge 
readmission screening survey plus auto-calculation of risk at the patient’s bedside. EMR also support 
better patient follow-up with the potential for automated reminders and key discharge instruction 
sets, automated prescription ordering, and so forth (Meek, 2012).  
 
Ethical Implications 
The development and application of PRMs has legal and ethical implications that need to be 
considered (Cohen et al., 2014, Panattoni et al., 2011). This is particularly important where computer 
errors or lack of model transparency leads to physicians not questioning outcomes or where 
preference is given to treating one group over another (e.g. on the basis of gender) (Lewis, 2010). 
Lewis provides commentary on the impact of models that have been proposed to predict where 
preventive programmes would be most effective by targeting those who will acquire a disease, 
adverse events related to a disease, or change in health function status; these outcomes are 
considered impactible. Following interviews with PRM experts, Lewis (2010), suggested that 
responsiveness to preventive care should be based on factors like patient activation, non-
compliance, and likelihood of disenrollment. Careful consideration is needed to make prudent 
decisions about information derived from PRMs (e.g. who gets priority for programmes and 
resources). Cohen et al. (2014) also suggest that there is a potential for conflict between a 
practitioner’s “ethical obligations to act in the best interests of individual patients” and a model’s 
recommendation to withhold “a potentially beneficial intervention from some patients with a given 
condition because there is a significantly lower probability that they will benefit” (p 1139). Therefore, 
Cohen et al. recommend that predictive models “should be discretionary instead of binding” and that 
practitioners should be able to override a model’s recommendations if the need arises.    
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Conclusions 
Predictive ability varies between models which speaks to the importance of careful model 
construction and rigorous testing. As a component of programmes designed to reduce hospitalisation 
of people with chronic conditions, PRMs continue to attract attention, although quantification of 
interventions is lacking. Overall, the evidence suggests that PRMs are more effective than clinical 
judgement alone and can help in the identification of at-risk, unstable patients prior to 
hospitalisation and so provide an opportunity for early intervention. 
 
With respect to effective implementation of PRMs, it is important that models can be integrated into 
existing EMR systems drawing on routinely-collected patient data. To be effective within the PHC 
system, this generally refers to use of routine general practice data, particularly where EMR systems 
track patients through primary, secondary and tertiary care sectors. 
 
The most flexible models allow users to define the risk threshold at which at-risk patients should be 
flagged, such that, depending on the resources available, health care centres can define the 
proportion of those at risk. PRMs are not a one-model solution to reducing hospitalisation among 
those with chronic diseases. Models need to be adapted to the setting and population of interest and 
updated as population demographics and socioeconomic factors change. However, the availability of 
validated models provides a basis on which to efficiently develop site-specific models based on 
selected variables known to influence rates of hospitalisation. 
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Glossary7  
Aggregated Diagnosis Groups: ADGs are groupings of diagnostic codes based on clinical dimensions 
that determine the subsequent expected resource use. 
Ambulatory care sensitive conditions: ACSCs are chronic conditions for which it is possible to 
prevent acute exacerbations, therefore reducing the need for hospital admission through 
management in primary care (Wallace et al., 2014). 
Avoidable hospital admission: “is an admission that could have been avoided through interventions 
aimed at the primary care and ambulatory care level. Avoidable hospital admissions include 
unnecessary or inappropriate hospital admissions”  
Charlson Comorbidity Index: A method of predicting 10-year mortality by classifying or weighting 
comorbid conditions. Each condition is assigned a score reflecting the associated risk of dying, and 
the total score is used to predict an individual’s risk of dying. 
Chronic conditions: “A physical condition or disorder that has lasted, or is expected to last for six (6) 
months or more. May also be referred to as a long-term health condition or chronic disease”  
ClearNET: an information technology system to facilitate data exchange between NHS organisations, 
for non-clinical purposes such as statistical analysis. The ClearNET IT system and was superseded in 
2007 by the Secondary Uses Service (SUS). 
Confidence Interval: An estimated range of values which is likely to include an unknown population 
parameter. The width of the confidence interval gives us some idea about how uncertain we are 
about the unknown parameter. A very wide interval may indicate that more data should be collected 
before anything very definite can be said about the parameter 
COPD: “The term Chronic Obstructive Pulmonary Disease (COPD) covers those long term lung 
conditions which are characterised by shortness of breath, such as chronic bronchitis and 
emphysema. Whilst each condition can occur on its own, many people have a mixture of the two 
problems. COPD usually occurs in people who have smoked or continue to smoke cigarettes. 
Exposure to irritants like dust and fumes can also increase the risk of developing COPD”  
Diabetes mellitus: “Diabetes is a chronic disease that occurs when the pancreas does not produce 
enough insulin, or when the body cannot effectively use the insulin it produces. Hyperglycaemia, or 
raised blood sugar, is a common effect of uncontrolled diabetes and over time leads to serious 
damage to many of the body’s systems, especially the nerves and blood vessels”  
Type 2 diabetes mellitus occurs when initially the body cannot effectively use insulin and eventually 
the pancreas does not produce enough insulin. 
Inappropriate hospital admission: “an admission made for inadequate or mistaken reasons” 
International Classification of Diseases: the standard diagnostic tool for epidemiology, health 
management and clinical purposes. It is used to classify diseases and other health problems recorded 
on many types of health and vital records including death certificates and health records. 
Lower Layer Super Output Areas are the smallest geographical areas in England and Wales where 
population and a wide range of other datasets are collected. There are approx. 33,000 LSOAs in 
England and Wales with an average population size of 1,600. 
Planned admission to hospital: “a planned admission to hospital is an admission for investigation or 
treatment not available outside the hospital setting”  
                                                          
7 Glossary terms defined from (Radford, 2014)unless otherwise stated  
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Potentially avoidable hospitalisations or admissions: see definition for avoidable hospital admission. 
Potentially preventable readmissions: “clinically related, needless readmissions that quality care, 
discharge planning, follow up, or improved coordination would avert”  
Preventable readmission: “an unintended and undesired subsequent post-discharge hospitalisation, 
where the probability is subject to the influence of multiple factors”  
Predictive risk model: Predictive risk modelling seeks to establish relationships between sets of 
variables, using statistical modelling, in order to predict future outcomes  
Positive predictive value: Describes the probability of having the disease given a positive screening 
test result in the screened population. This is expressed as the proportion of those with disease 
among all screening test positives (www.healthknowledge.org.uk) 
Resource Utilisation Bands: An aggregation of ACGs into ordinal categories, based solely on expected 
health care resource demands 
Risk threshold: The amount of risk that is acceptable. Adjusting the risk score threshold in a model 
results in a trade-off between sensitivity and PPV. If the risk threshold is too high, sensitivity will be 
low and fewer patients will be identified. In this case, a high proportion of those identified will 
actually be admitted, but the algorithm will miss many patients who have a hospital admission. If the 
risk threshold is set too low, many more patients will be identified, but fewer will be correctly 
identified as needing hospitalisation. For example, using a model with a sensitivity of 40% and a risk 
threshold of 35 means that anyone with a risk score ≥35 would be offered an intervention; and thus 
40% of those who would have been hospitalised would have received the intervention (Lewis et al., 
2011b).   
Secondary Uses Service: uses data from patient records to provide anonymised and pseudonymised 
business reports and statistics for research, planning and public health delivery. 
Sensitivity: Defined as the ability of the test to detect all those with disease in the screened 
population. This is expressed as the proportion of those with disease correctly identified by a positive 
screening test result. (www.healthknowledge.org.uk)  
Specificity: Defined as the ability of the test to identify correctly those free of disease in the screened 
population. This is expressed as the proportion of those without disease correctly identified by a 
negative screening test result (www.healthknowledge.org.uk) 
C-statistic: Equivalent to the area under the receiver operating characteristic curve is defined as the 
proportion of times the model correctly discriminates a pair of high- and low-risk individuals. A c-
statistic of 0.5 indicates that the model performs no better than chance, 0.7-0.8 indicates acceptable 
discrimination, and >0.8 reflects good discrimination (Kansagara et al., 2011). 
Regression to the mean: Observational evidence that those people who are extreme one year are 
rarely extreme in the next. Therefore, when individuals identified as ‘outliers’ because they represent 
high-risk individuals are invited to participate in an intervention intended to reduce their level of risk, 
regression to the mean results in their risk being less than in the previous year, effectively biasing 
outcomes. 
Regression: a statistical technique used to find relationships between variables for the purpose of 
predicting future values  
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Appendices 
Appendix A 
Table 10 AMSTAR: a measurement tool to assess systematic reviews 
1. Was an 'a priori' design provided? 
The research question and inclusion criteria should be established before the conduct of the review. 
□Yes □No □Can't answer □Not applicable 
 
2. Was there duplicate study selection and data extraction? 
There should be at least two independent data extractors and a consensus procedure for 
disagreements should be in place. 
□Yes □No □Can't answer □Not applicable 
 
3. Was a comprehensive literature search performed? 
At least two electronic sources should be searched. The report must include years and databases 
used (e.g. Central, EMBASE, and MEDLINE). Key words and/or MESH terms must be stated and where 
feasible the search strategy should be provided. All searches should be supplemented by consulting 
current contents, reviews, textbooks, specialized registers, or experts in the particular field of study, 
and by reviewing the references in the studies found. 
□Yes □No □Can't answer □Not applicable 
 
4. Was the status of publication (i.e. grey literature) used as an inclusion criterion? 
The authors should state that they searched for reports regardless of their publication type. The 
authors should state whether or not they excluded any reports (from the systematic review), based 
on their publication status, language etc. 
□Yes □No □Can't answer □Not applicable 
 
5. Was a list of studies (included and excluded) provided? 
A list of included and excluded studies should be provided. 
□Yes □No □Can't answer □Not applicable 
 
6. Were the characteristics of the included studies provided? 
In an aggregated form such as a table, data from the original studies should be provided on the 
participants, interventions and outcomes. The ranges of characteristics in all the studies analyzed e.g. 
age, race, sex, relevant socioeconomic data, disease status, duration, severity, or other diseases 
should be reported. 
□Yes □No □Can't answer □Not applicable 
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7. Was the scientific quality of the included studies assessed and documented? 
'A priori' methods of assessment should be provided (e.g., for effectiveness studies if the author(s) 
chose to include only randomized, double-blind, placebo controlled studies, or allocation 
concealment as inclusion criteria); for other types of studies alternative items will be relevant. 
□Yes □No □Can't answer □Not applicable 
 
8. Was the scientific quality of the included studies used appropriately in formulating conclusions? 
The results of the methodological rigor and scientific quality should be considered in the analysis and 
the conclusions of the review, and explicitly stated in formulating recommendations. 
□Yes □No □Can't answer □Not applicable 
 
9. Were the methods used to combine the findings of studies appropriate? 
For the pooled results, a test should be done to ensure the studies were combinable, to assess their 
homogeneity (i.e. Chi- squared test for homogeneity, I2). If heterogeneity exists a random effects 
model should be used and/or the clinical appropriateness of combining should be taken into 
consideration (i.e. is it sensible to combine?). 
□Yes □No □Can't answer □Not applicable 
 
10. Was the likelihood of publication bias assessed? 
An assessment of publication bias should include a combination of graphical aids (e.g., funnel plot, 
other available tests) and/or statistical tests (e.g., Egger regression test). 
□Yes □No □Can't answer □Not applicable 
 
11. Was the conflict of interest stated? 
Potential sources of support should be clearly acknowledged in both the systematic review and the 
included studies. 
□Yes □No □Can't answer □Not applicable 
 
Reviews are scored out of 11, with 1 point for each 'Yes' answer. 
Source: (Shea et al., 2009) 
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Table 11 Summary of PRM studies included in the systematic review of Ross et al. (2008) 
Reference/Model name 
Population and 
setting 
Outcome (hospital 
readmission unless 
otherwise indicated) 
C-statistic 
Chin and Goldman, 1997 Patients with CHF 60-day readmission 
or death 
NR 
Philbin and DiSalvo, 1999 Patients with CHF, 
New York, US 
12-mo 0.6 
Krumholz et al, 2000 Patients with CHF, 
Connecticut US 
6-mo NR 
Felker et al, 2004 Patients with CHF, 
from 78 centres 
within the US 
60-day readmission 
or death 
0.69 
Yamokoski et al, 2007 Patients with class IV 
CHF, US and Canada 
6-mo 0.6 
NR=Not Reported; mo=month 
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Appendix B 
Table 12 Summary of PRM studies included in the systematic review of Kansagara et al. (2011) 
 
Reference/Model 
name 
Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
Model discrimination 
unless otherwise stated 
c-statistic 
R
e
tr
o
sp
e
ct
iv
e
 A
d
m
in
is
tr
at
iv
e
 d
at
a
 
Anderson and 
Steinberg, 1985 
Medicare patients in general 
US population (excluded 
those with ESRD) 1974-1977 
60-day NR 
Bottle et al, 2006 Inpatients from general 
population in England from 
2000-2001 
12-mo All patients: 0.72 (0.70 
when 12-mo deaths 
excluded); sensitive 
conditions: 0.75 
Krumholz et al, 2008 
 
CMS model 
Medicare patients aged ≥65y 
with AMI in general US 
population 2005-2006 
30-day 
 
 
0.63 
 
Medicare patients aged ≥65y 
with CHF in general US 
population from 2003-2004 
30-day 
 
0.60 
 
Medicare patients aged ≥65y 
with pneumonia in general 
US population from 2005-
2006 
30-day 0.63 
Halfon et al, 2006 All hospitalisations in general 
population in Switzerland in 
2000 
30-day (avoidable 
hospitalisation) 
Nonclinical: 0.67 
Charlson-based: 0.69 
SQLape: 0.72 
Hammill et al, 2011 Patients aged ≥65y from CHF 
registry in general US 
population from 2004-2006 
30-day Claims-only model: 0.59; 
clinical claims model: 
0.60 
Holloway et al, 1990 US medical, neurological, 
surgical, and geriatric 
inpatients at single VA 
hospital from 1981-1982 
30-day NR 
Holman et al, 2005 Medical, surgical, and 
psychiatric inpatients from 
Western Australia’s general 
population from 1989-1997 
30-day Asthma: 0.71; 
AMI: 0.64 
Howell et al, 2009 General medical inpatients 
with ambulatory care 
sensitive conditions in 
Queensland, Australia’s 
general population from 
2005-2006 
12-mo 0.65 
Naessens et al, 1992 Inpatients aged ≥65y from 
general US population and 
living in a single county in 
1980, 1985, and 1987 
60-day 
(readmission and 
mortality) 
HCFA model: 0.59 
HCFA model plus 
COMPLEX measure: 0.61 
(SE, 0.01) 
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Reference/Model 
name 
Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
Model discrimination 
unless otherwise stated 
c-statistic 
Philbin and DiSalvo, 
1999 
Inpatients with CHF treated 
at multiple centres in a single 
US state in 1995 
12-mo Simple scoring system: 
0.60; 
weighted scoring 
system: 0.61 
Silverstein et al, 2008 Inpatients aged ≥65y treated 
at multiple centres in a single 
US city from 2002-2004 
30-day 0.65 (same for both 
Elixhauser and HRDES 
methods) 
Thomas, 1996 Medicare inpatients aged 
≥65y treated at multiple 
centres in a single US state 
from 1989-1991 
30-, 60-, and 90-
day 
Range among 8 
conditions and 4 
periods: 0.55-0.61 
R
e
al
-t
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e
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d
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at
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e
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Amarasingham et al, 
2010 
Patients with CHF treated at 
a single US centre from 2007-
2008 
30-day 0.72 (95% CI, 
0.70-0.75 
Billings and 
Mijanovich, 2007 
Patients eligible for 
mandatory Medicaid 
managed care enrolment in 
general US population in a 
single city from 2000-2004 
12-mo Risk score range: 0-100; 
using risk scores ≥50: 
sensitivity: 58%; 
specificity: 74%; 
PPV: 69.5%; 
positive LR: 2.23 
Billings et al, 2006 Inpatients with an 
ambulatory care sensitive 
reference condition in 
general population of 
England from 2002-2003 
12-mo 0.69 
Coleman et al, 2004 Medicare inpatients aged 
≥65y in general US 
population from 1997-1998 
30-day Administrative data 
model: 0.77; 
administrative data 
model plus self-report 
data model: 0.83 
Krumholz et al,2000 Medicare patients aged ≥65y 
with CHF and treated at 
multiple centres in a single 
US state from 1994-1995 
180-day No. of risk factors 
associated with 
readmission risk 
(P<.001); 0 risk factors: 
26%; 3-4 risk factors: 
59% 
Morrissey et al, 2003 Medical inpatients aged ≥65y 
treated at a single rural 
hospital in Ireland from 1997-
1998 
12-mo 0.70 
Smith et al, 1985 Medical inpatients treated at 
a single US county hospital 
from 1979-1980 
90-day Sensitivity: 59.0%; 
specificity: 69.3%; 
PPV: 29.9%; 
positive LR: 1.92 
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Reference/Model 
name 
Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
Model discrimination 
unless otherwise stated 
c-statistic 
Smith et al, 1988 Medical inpatients treated at 
a single US county hospital in 
1985 
monthly NR 
Smith et al, 1996 US medical inpatients aged 
≥45y treated at a single VA 
hospital from 1988-1990 
90-day 0.66 
van Walraven et al, 
2010 
Medical and surgical 
inpatients treated at multiple 
centres in Canada 
30-day 0.68 (95% CI, 
0.65-0.71) 
R
e
al
-t
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e
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ri
m
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y 
d
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Burns and Nichols, 
1991 
US medical inpatients aged 
65y treated at a single VA 
hospital in 1987 
60-day NR 
Evans et al, 1988 US medical, neurological, and 
surgical inpatients treated 
over a 6-wk period at a single 
VA hospital 
60-day Risk score range: 0-8 
using risk scores ≥3: 
sensitivity: 0.60; 
specificity: 0.76; positive 
LR: 2.5;  
using risk scores ≥4: 
sensitivity: 0.42; 
specificity: 0.93; positive 
LR: 6 
Hasan et al, 2010 Medical inpatients treated at 
multiple US centres from 
2001-2003 
30-day 0.61 
Pra™ 
Boult et al, 1993 
US non institutionalized 
Medicare patients aged 70y 
in 1984 
48-mo 0.61 
Allaudeen et al, 2011 
 
Medical inpatients aged ≥65y 
treated at a single US 
academic centre during 5-wk 
period in 2008 
30-day 
 
0.56 (95% Cl 0.44-0.67) 
 
Novotny, 2008 
 
Medical inpatients treated at 
a single US academic centre 
from 2005-2007 
41-day Pra score: 0.53; 
positive LR: 1.67 
AMI = acute myocardial infarction; ESRD = end stage renal disease 
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Appendix C 
Table 13 Summary of articles included in the systematic review of Wallace et al. (2014) 
Reference/Model name Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
C-statistic , PPV, 
sensitivity 
United Kingdom (2005) 
Walker, Sherbrooke 
questionnaire (derivation)  
Aged ≥75y, general 
practice, London, UK, 
2000–2002 
24-mo (ED 
Visitor/ 
admission) 
Derivation: NR 
Validation:0.60 (0.53–
0.67) 
 Daniels, Sherbrooke 
Questionnaire (validation), 2005 
Aged ≥70y, general 
practice, Netherlands, 
2008–2010 
12-mo (ED 
admission) 
 
Lyon, EARLI, 2007 
 
Patients aged ≥75y UK 
General practice, 2002–
2003 
 
12-mo Derivation=0.695 (0.671–
0719) 
Validation:  
Bootstrap=0.690 (no CIs) 
Split sample=0.669 (0.630–
0.709) 
United States 
Roos et al, 1988 
 
Community-dwelling 
Aged ≥65y, Manitoba, 
Canada, 1970–1973 
12-mo NR 
Boult et al, 1993 
Probability of repeated admission 
(Pra™) (derivation) 
Wallace et al, 2013 
 
Community dwelling 
Aged 70y, US 
1984–1990 
 
12-mo Derivation=0.61 
Validation studies: 
Meta-analysis of 5 cohorts 
(n=8843), pooled 
c-statistic 0.69, pooled 
sensitivity 12% (10.5–
13.6%), pooled specificity 
96% (95.8–96.7%) 
Reuben et al, 2002 Medicare community 
dwelling; Aged ≥71y US, 
1988–1992 
36-mo Self-report variables 
model; 0.68 for ≥2 
admissions over 3 y 
Damush et al, 2004 Aged ≥50y with Pre-
specified chronic 
medical conditions and 
all aged ≥75y 
US academic primary 
care (1 practice) 
12-mo Derivation = 0.73 
Validation = 0.74 
Shelton et al, 2000 
Community Assessment Risk 
Screen (CARS) 
Aged ≥65y US Medicare 
with ≥1 defined 
comorbidities and 
psychosocial factors, 
1993–1995 
12-mo CARS score ≥4 = 0.67 for 
composite endpoint 
NR for admissions only 
Freedman 1996 Aged ≥81 y in Colorado, 
US primary care (Kaiser 
Permanente health plan 
members), 1993 
4.5-mo Derivation = 0.69 
Validation = 0.63 
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Reference/Model name Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
C-statistic , PPV, 
sensitivity 
Mazzaglia et al, 2007 Primary care in 
Florence, Italy, aged 
≥65y, 2003–2004 
15-mo Derivation: 0.68 (0.66–
0.71) 
Validation: 0.67 (0.65–
0.70) 
Hippisley-Cox and Coupland, 
2013. Qadmissions 
Aged ≥18–100y 
registered in UK general 
practice, 2010–2011 
24-mo Qresearch validation 
0.773 (0.771–0.774) 
women  
0.776 (0.774–0.778) men 
CPRD validation 0.771 
(0.770–0.773) women 
0.772 (0.771–0.774) men 
Billings et al, 2013 Aged ≥18y registered in 
UK general practice (5 
primary care teams), 
2007–2010, compared 4 
models within same 
population 
12-mo Risk threshold = 50%; 
Inpt/A+E/OPD/GP model; 
0.780 
Inpt only model; 0.731 
Chenore et al, 2013 
Devon Predictive Model 
Patients aged ≥65y, UK 
General practice in 
Devon, (105 practices), 
2007–2011 
12-mo Risk threshold = 50% 
0.781 (0.778–0.783) 
NHS/Information Services Division 
Scotland, Scottish Patients At Risk 
of Re- Admission (SPARRA) - 
Version 3 
Patients aged ≥16y in 
population in Scotland 
2006–2010 
12-mo Risk thresholds; 
30%-PPV 59.8%, 
40%-PPV 52.2%, 
50%-PPV 59.8% 
Sensitivity at threshold 
50% = 10.5% 
Baker et al, 2012 Patients aged 40–98y 
registered to Lodgehill 
clinic general practice in 
Nairn, Scotland 
12-mo Derivation: 0.794 
Sussex Key Events Predictor tool 
2013 
All ages in the 
population of East 
Sussex and Brighton, UK 
12-mo 0.82 
Donnan et al, 2008 
 PEONY 
Patients aged ≥40y in 
general practice in 
Tayside, Scotland, 
1996–2004 
12-mo Derivation: 0.80 
Validation: 0.79 
 
Health Dialog UK, 2008,  
Welsh Predictive Model (WPM) 
All ages (0–100y) in 
general practice in 
Wales (51 practices), 
2004–2007  
(n = 10,247 were aged 
<15y) 
12-mo Risk thresholds; 
Top 1%; PPV = 44.3%, 
Sensitivity 6.6%, 
Top 5%; PPV = 28.0%, 
Sensitivity = 20.7% 
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Reference/Model name Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
C-statistic , PPV, 
sensitivity 
Health Dialog UK, 2006, 
Combined Predictive Model  
All ages (0–100y) in 2 
UK primary care teams, 
2002–2005 
12-mo Risk threshold top 1%; PPV 
40.5%, sensitivity 6% 
(recorded in WPM report, 
NR in CPM report) 
Gao et al, 2014 Adult Veterans 
Association (VA) 
patients treated in fiscal 
years 2011 and 2012 for 
any ambulatory care 
sensitive condition 
(ACSC). Prevention 
Quality indicators 
(Agency for Healthcare 
Research and Quality) 
used to specify ACSCs 
90-day 
 
90 d admission 
Final full model; 
Derivation 0.856 (0.853–
0.860) 
Validation 0.856 (0.852–
0.860) 
12-mo 
 
12 mo admission 
Final full model 
Derivation 0.835 (0.31–
0.837) 
Validation 0.833 (0.830–
0.837) 
Wang et al, 2013 Aged ≥18y in population 
in US, 2009–2011 
12-mo 90 d outcomes; 
0.833 (0.832–0.834) 
Hospital admission only; 
0.81 (0.810–0.812) 
Hospital admission or 
death 
12 mo outcomes; 
0.809 (0.808–0.810) 
Hospital admission only; 
0.787 (0.786–0.787) 
Hospital admission or 
death 
Lemke, 2012  
Adjusted Clinical Groupings (ACG) 
Aged <65y in employer 
health plans, ≥65y in 
managed care plans in 
US insurance databases, 
2005–2007, compared 3 
models in same 
population 
12-mo Validation cohorts; 
1) Prior hospitalisation = 
0.75 
2) Charlson hospitalisation 
model = 0.78 
3) ACG inpatient 
hospitalisation = 0.80 
Versisk Health, 34 2012  
DxCG Likelihood of 
Hospitalization 
All ages in 1 US 
insurance database 
(Versisk Health) 
6-mo Risk threshold; 
Top 1% PPV 24.2% 
 
Crane et al, 2010  
Elders Risk Assessment Index 
Patients aged ≥60y, US 
primary care clinics in 1 
hospital, 2003–2006 
24-mo Combined admission/ER 
visit 0.678 
Admission only 0.705 
Inouye et al, 2008 Patients aged ≥70y in 2 
US primary care clinics, 
2003–2005 
12-mo Derivation: 0.72 
Validation: 0.73 
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Reference/Model name Population and setting 
Outcome 
(hospital 
readmission 
unless otherwise 
indicated) 
C-statistic , PPV, 
sensitivity 
Falasca et al, 2011 
MoSaiCO 
Patients aged ≥18y 
from population in 
Ravenna, Italy, 2006–
2008 
12-mo Validation cohort: 0.77 
 
Louis et al, 2010 Aged ≥18y in the 
population of the 
Emilia-Romanga region, 
Italy, 2002–2007 
12-mo Internal validation: 0.82 
Lopez-Aguila et al, 2011 Primary care in 
Catalonia, Spain 
aged ≥65y 2006–2009 
12-mo Derivation: 0.78 
Validation: 0.76 
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Appendix D Models demonstrating reliable discriminative 
ability 
Adult Veterans Association: Ambulatory Care Sensitive Conditions 
Development: This PRM was developed by the Veterans Health Administration (VHA) of the US 
Department of Veterans Affairs (VA) to provide actionable information for primary care teams to 
further reduce ACSC hospitalisations (Gao et al., 2014). 
 
Target: All primary care patients. Model development was based on VHA patients who were treated 
in 2011 or 2012 for ACSCs specified by the Prevention Quality Indicators (PQI, v4.2) developed by the 
Agency for Healthcare Research and Quality (AHRQ)8: 
 Diabetes short-term complications admissions rate 
 Perforated appendix admission rate 
 Diabetes long-term complications admission rate 
 COPD or asthma in older adults admission rate 
 Hypertension admission rate 
 Heart failure admission rate 
 Dehydration admission rate 
 Bacterial pneumonia admission rate 
 Urinary tract infection admission rate 
 Angina without procedure admission rate 
 Uncontrolled diabetes admission rate 
 Asthma in younger adults admission rate 
 
Data sources: Data on patient demographics and clinical information corresponding to the years 
2011-12 were extracted from the VA centralised National Patient Care Database. In total, almost 
three million VHA patients were found to be eligible for inclusion. Information on actual costs (not 
reimbursed costs) was obtained from the Decision Support System National Data Extracts, the VHA’s 
primary cost accounting system. Patient travel time data were extracted from VHA planning systems 
support group, and primary care management information was obtained from the VA Corporate Data 
Warehouse. The cohort was randomly split 50:50 to generate separate derivation and validation 
cohorts. 
 
Variables: The dependent variables were ACSC hospitalisations in the first 90 days, and in the whole 
year of 2012 (n=21,873 and n=71,425 respectively). Independent variables were taken from four 
categories: 1) hospital characteristics (e.g. teaching mission, rural status, and unobserved practice 
patterns) captured by the random intercept in the regression; 2) patient demographic and 
socioeconomic variables, including age, sex, marital status, race, income, VHA eligibility status 
(priorities 1–8), driving time to the closest VHA primary and specialty care provider, having no or >1 
primary care provider, health insurance status, service disability rating, homelessness, and military 
service era; 3) utilisations and cost in the previous 2 years - including the number of acute hospital 
admissions, intensive care unit (ICU) admissions, ED visits, specialty care visits, primary care visits, fee 
ED and fee total visits (provided by communities and paid by VHA), and total patient health care cost; 
and 4) comorbidities: Hierarchical Condition Categories (HCCs) produced by DxCG (commercially 
                                                          
8 ACSCs specified by the Prevention Quality Indicators (PQI, v4.2) developed by the Agency for Healthcare Research and Quality (AHRQ). 
PQIs are a set of measures that can be used with hospital inpatient discharge data to identify quality of care for ACSC 
http://www.qualityindicators.ahrq.gov/Modules/pqi_resources.aspx  
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available software based on ICD9-9-CM codes, age, and sex as input data to classify patients into 
HCCs, priority 1 through 8). 
 
Risk Score: The predicted risk score was based on a hierarchical logistic regression to predict ACSC 
hospitalisations. The final model was based on a total of 27 variables (see above) plus 394 HCCs. 
Corresponding c-statistics for the 90-day model were c=0.856 (95% Cl, 0.853-0.860) for the 
development sample and 0.856 (95% Cl, 0.852-0.860) for the validation sample. At a predicted risk in 
the 50th percentile (50%), PPV was 0.08 per cent and sensitivity 90 per cent. For the 1-year model, 
corresponding c-statistics were c=0.835 (95% Cl, 0.831-0.837) for the development sample and 0.833 
(95% Cl, 0.830-0.837) for the validation sample. At a predicted risk in the 50th percentile (50%), PPV 
was 0.47 per cent and sensitivity 91 per cent. In assessing the validity of predictions, and based on 50 
per cent of the eligible VA cohort, the model performance in terms of predicted versus observed 
hospitalisations was optimal for the 7-8th percentile of risk, but either side of this tended to under- or 
over-estimate the risk. This was also reflected in the low PPV and, according to the authors, this 
occurs because the model focuses on hospitalisations that can be potentially prevented and does not 
predict hospitalisation for events such as heart procedures, hip replacements etc. that cannot be 
avoided. While hospital characteristics were important predictors of hospitalisation, patient 
demographic and socioeconomic variables raised the predictive power by 14 per cent. Exclusion of 
VA specific variables including priority groups had little effect on the c-statistic. 
 
Application: No reports of model application beyond derivation/validation studies were identified. 
 
 
 
Adult Veterans Association: All patients registered with VHA primary care provider 
Development: Two models were developed to predict the risk of hospitalisation at 90 days and at 
one year among all patients receiving primary care within the US VHA (Wang et al., 2013). 
 
Target: All patients enrolled and assigned to a VHA primary care provider. 
 
Data sources: Derivation data were extracted for the period 2009-2010 from VHA databases covering 
almost 4.6 million patients. Approximately 124,000 hospitalisation events were identified from 
inpatient data files: inpatients discharged from VHA acute care hospitals; inpatients in VHA acute 
care hospitals; and inpatient care that was provided at non-VHA acute care hospitals and paid by 
VHA. 
 
Variables: Final model variables include age, depression, priority conditions, marital status, Charlson 
Comorbidity Index, ED visits, ACSCs, clinical parameters, primary care visits, prior outpatient visits, 
prior hospitalisation, and medications. 
 
Risk Score: Patients are stratified into risk strata on the basis of percentiles of predicted probability 
for the endpoint, e.g. a risk score of 95 for hospitalisation equates to a patient being in the 95th 
percentile of predicted probability for this event (12% of such patients were hospitalised). The final 
general 90-day model was associated with a c-statistic of 0.833 (95% Cl 0.832-0.834), and event rates 
ranged from 0.1 per cent in the lowest level to 34.1 per cent in the highest. For hospitalisation within 
one year, the general model was associated with a c-statistic of 0.809 (95% Cl 0.808-0.810), and the 
event rates for lowest and highest risk category were 0.5 per cent and 62.7 per cent, respectively. In 
                                                          
9 International Classification of Diseases 
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sensitivity analysis, risk models for 90-day or 1-year hospitalisation used specific risk coefficients for 
those aged less than 65 years and those aged 65 and older to reflect potential differences in risk. 
However, it was found that the same predictors held for both age groups with little difference in 
accuracy compared to the general model. The PPV for those in the 50th percentile of risk was 1.2 per 
cent for 90-day hospitalisation and 4.7 per cent for one year. For those in the 99th percentile 
corresponding values were 34.1 per cent and 62.7 per cent for hospitalisation over the respective 
time points. 
 
Application: No reports relating to the application of this model were identified, although it is 
reportedly implemented in the VA system and applied to 1,000 patients per month with risk data 
being upgraded weekly (Fihn, 2013, Fihn and Box, 2013). However, the VA organisation has 
announced that they are in the process of releasing a dedicated software application for core 
planning that incorporates the risk scores. One of the data interpretations generated is a high level 
analytic data map for population management and resource planning, consisting of a graphical 
representation of 1-year likelihood of admission for different geographical areas across the US. This 
information was contained within a VA presentation on “Big Data” (Fihn, 2013), in which listed 
concerns and challenges included privacy and security, data quality and validity and high expense. 
 
 
 
Adjusted Clinical Groupings ACG®-SYSTEMS hospitalisation model 
Development: Owned and developed by the Johns Hopkins University, the ACG Predictive Models 
(ACG-PMs™) system currently includes three models to use either diagnosis information, pharmacy 
information, or both.  
 
Target: General public cohort. This risk model was developed with the specific aim of generating a 
model to identify persons enrolled in a large public or private insurance plan who are at risk for 
hospitalisation in the subsequent year (Lemke et al., 2012). Three categories of hospitalisation were 
considered separately: acute care hospitalisation; ICU or critical care unit hospitalisation; and 
extended inpatient care for 12 days or more (Lemke et al., 2012). 
 
Data sources: Data to derive the original model were obtained from insurance claims information 
(2005-2007) held by IMS Health Incorporated claims database. IMS Health receives data from 
participating health plans. The data collection represents a geographically diverse set of health plans, 
and includes information on age, gender, enrolment information and benefit eligibility, type of 
insurance and payer, ICD diagnosis codes, and Current Procedural Terminology (CPT) procedure 
codes from both outpatient and inpatient settings, and prescription transactions from retail 
pharmacies.  
 
Variables: In addition to the ACG diagnosis predictive model variables (age, sex, diagnosis based 
morbidity categories, disease cluster markers, medication-based morbidity groups, utilisation 
variables), the model for hospitalisation included ED visits, outpatient visits, and frailty. The ACG-
PMS™ system assesses individual health status based on diagnoses and prescription drugs whereby 
diagnoses are assigned to one of 32 diagnosis-based morbidity types called Aggregated Diagnosis 
Groups™ (ADG). In total, three ACG-based PRMs have been developed to predict inpatient, ICU, or 
extended hospitalisation. 
 
Risk Score: An individual’s risk score is the sum of individual risk factor weights added to a constant 
intercept term, and this is converted to a probability score ranging from 0 to 1; for example, a score 
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of 0.4 means that the individual has a 40 per cent chance of being in the high-risk cohort in the 
following year. A cut-point of 0.40 identified about three per cent of the study population to be at 
high risk of readmission, and more than 15 per cent of persons with actual 30-day readmissions. The 
PPV at this cut-point was 45 per cent. A higher sensitivity of nearly 50 per cent was achieved at a cut-
point of 0.125 which identified 15 per cent of the study population. The PPV at this cut-point was 
near 30 per cent. Nearly half of all patients with unplanned 30-day readmissions had risk scores that 
were at or above the 85th percentile of the risk score distribution. Models for acute care 
hospitalisation had an associated c-statistic = 0.8; for ICU or critical care with hospitalisation c-
statistic = 0.85; and for extended inpatient care for 12 days or more c-statistic = 0.87. In contrast, a 
comparison with similarly developed models for prior hospitalisation demonstrated poor c-statistics.  
 
Application: A range of predictive models are available on a commercial basis from the Johns 
Hopkins University, and currently a number of European countries use the ACG-system PRMs to 
identify high-risk and high-cost patients. Models are routinely updated and improved, and 
collaborative initiatives have led to successful adaptation of models to local needs. For example, in 
an application of the ACG-PMS™ model to claims data for the outcome 30-day acute care hospital 
readmission, it was reported that, at a risk score cut-point of 0.505, one per cent of the study 
population were at high risk of readmission, and the  at this cut-point was 52.3 per cent (Lemke, 
2013). The corresponding c-statistic in that case was 0.753 for the base ACG model and 0.776 for a 
version expanded with 30 additional procedure categories. Further, the ACG-PMS™ system for 30-
day readmissions has been implemented in the UK for use across 14 clinical commissioning groups 
(210 general practices) after adaptation of the model to incorporate social risk variables and 
collection of data through the primary care systems. The resultant IRIS-ACG PRM has demonstrated 
equivalent or better discriminative ability with English data, and publication of outcomes is pending 
(Cochrane, 2013).  
 
A recent comparison of the ACG hospitalisation model, with five comparator PRMs including the 
Elders Risk Assessment (ERA), demonstrated an ACG model associated c-statistic of 0.73 (0.72-0.73) 
for hospitalisations and 0.81 (0.8-0.83) for readmission (Haas et al., 2013). On this basis, the ACG-
based model outperformed the comparators (Minnesota Tiering, Hierarchical Condition Categories, 
ERA, Chronic Condition count, Charlson Comorbidity index, Hybrid Model). Actual compared to 
predicted hospitalisations with the ACG model were equivalent in the Haas et al. (2013) study.   
 
 
 
Predictive Emergency admission Over the Next Year (PEONY) 
Development: This model was developed to predict future emergency admissions in the subsequent 
year for individuals 40 years or older in Tayside, Scotland. 
 
Target: This model was developed for use in 40 to 65 years or older with a 3-year history of 
prescribed drugs and hospital admissions.  
 
Data sources: Validation of this model was based on computerised data of patients (N = 186 523) 
from all general practices in Tayside, Scotland. These records linked primary and secondary data via 
unique patient identification numbers, community health index. This 10-digit number is used for all 
health encounters in the region. This is considered a small sample for validation. 
 
Variables: The final model contains 35 variables. Independent variables include: 1) patient 
demographic (age at baseline and gender), social deprivation index (low/high/unknown) based on 
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census information linked to post code; and 2) service utilisations including all primary and secondary 
encounters, previous hospital use as determined by the Scottish Morbidity Record 1, ICD codes 
classifying the finished consultant episode, number of previous admissions (planned/unplanned), 
total bed days in the last three years, and the mean length of stay in the previous three years. In 
addition, a receipt of drugs (some markers of long-term conditions) variable was constructed based 
on the class of medication from the British National Formulary 2.2. Twenty-three factors were 
created using data from the community-based database of pharmacy-dispensed prescriptions in 
Tayside, held in the Health Informatics Centre.  
 
Risk Score: The final model was used to derive probabilities of ED admission in the next year and was 
expressed as a percentage (0 to 100%). The model c-statistic was 0.80. At a risk threshold of ≥49 per 
cent, specificity was 99.8 per cent, sensitivity 4.2 per cent, and PPV 67.1 per cent. In addition, 
methods derived for Framingham scores, a clinical scoring system for heart disease (ranging from 10 
to 47) were developed to simplify use in a clinical scenario (Sullivan et al., 2004). For example, a man 
aged 72 years, from a highly deprived area, has previous ED admissions, eight previous admissions, 
106 total bed-days in the previous three years, and in receipt of hypertension and heart failure drugs, 
nitrates and calcium channel blockers, respiratory drugs, anxiolytics, antidepressants, analgesics, and 
antibacterials: the absolute risk of admission in the next year is 52.8 per cent (in the top percentile, 
47 points). A woman aged 50 years, from an affluent area with no previous ED admissions, one 
previous admission, one total bed-day, and in receipt of ulcer-healing drugs, diuretics, and 
antibacterials: the absolute risk of admission in the next year is 2.4 per cent (10 points). 
 
Application: Interventions to case manage individuals at high risk need to be evaluated to assess 
their effect on ED admissions. The PEONY model is currently being utilised in parts of Scotland 
(ARIDHIA, 2014).There is some evidence of success for particular conditions such as mental health, 
chronic obstructive pulmonary disease, and vaccination against influenza (Nichol et al., 1994, 
Monninkhof et al., 2003, Roberts et al., 2005). However, overall there is little evidence of how 
combinations of interventions (e.g. packages of care) reduce emergency admissions (Purdy, 2010). 
 
 
 
Sussex Predictor of Key Events (SPOKE) 
Development: SPOKE was developed by the Sussex Health Informatics Service. The model is based 
on the ‘Neural Network’ Data Mining algorithm developed at the University of Brighton. This model is 
also known as the Sussex Combined Predictive Model or the Sussex Key Events Predictor Tool. One 
key feature of the model is that it is relational and allows additional events to be included as they 
become available, thus improving the model’s predictive power. For example, subject to information 
governance arrangements, it is also planned to incorporate mental health and primary care activity 
to further improve the model’s accuracy (South East Coast Strategic Health Authority, 2008). 
 
Target: This model was derived in a sample (N = 823 000) comprising all age groups, to identify those 
at risk of an emergency chronic admission in a 12-month period. The model focuses on identifying 
emergency chronic admissions for: 
 COPD 
 Asthma 
 Diabetes 
 Dementia 
 Ischemic heart disease 
 Respiratory disease 
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 Stroke.  
 
Data sources:  Data are drawn from the NHS Highland Patient Administration System. Demographic 
and clinical information is used to predict risk of unplanned chronic admission for each person in 
Sussex, based on their demographics, acute hospital (3 years inpatient, plus one year outpatient and 
ED) and community activity history (South East Coast Strategic Health Authority, 2008). 
 
Variables: The Sussex Combined Predictive Model is based on the King’s Fund/Health Dialog 
algorithm (i.e. a variation on the CPM10), which draws on up to 1000 variables using acute provider 
data and community service data predominantly from secondary care inpatient, outpatient, ED 
records and data from PHC, to provide patient profiling information for clinical staff (George, 2012). 
The tool works by analysing the healthcare history of each resident in Sussex to predict likelihood of 
future admission. This team recalibrate the model using a combination of data variables relevant to 
the local data. 
 
Risk Score: The output provided is a risk score per patient from 0-100 which denotes the likelihood of 
a patient being admitted to hospital as an emergency case in the forthcoming year. The model 
stratifies entire populations (practices, PCTs etc.) according to risk bandings. These bandings are 
calibrated around utilisation of hospital services (George, 2012). The associated c-statistic is 0.82 
based in a validation cohort (George and Roberts, 2013). 
 
Application: Once authorised, any clinician can access and interrogate risk scores for their practice(s) 
using a simple web-based interface. There are a number of applications including: identification of 
specific high-risk patients in a general practices (e.g. as the basis of a Community Matron11 caseload); 
to understand the ‘variables’ that increase risk of admission (e.g. smoking status, previous admission 
history); to understand the Sussex population and overall level of risk; and to model how this will 
vary as the population structure changes in the future. Community Matrons access this information 
on a regular basis to develop and prioritise their active patients for caseload management in order to 
reduce/avoid admission (George and Roberts, 2013).  
 
                                                          
10 Combined Predictive Model (CPM) is described in more detail on page 29. 
11 Community matrons in the UK are senior community nurses who work primarily with people who have complex and chronic conditions. 
Primary Health Care Research & Information Service 
phcris.org.au 
Predictive risk models to identify people with chronic conditions at risk of hospitalisation - 54 - 
Appendix E Models targeting ACSCs and the elderly 
Devon predictive model (DPM) 
Development: The DPM was developed to predict ED admissions using local data together with the 
methodology and core structure of the UK CPM (see pages 21 and 58 for more detail) which up until 
that time had been the model of choice in Devon (Chenore et al., 2013). Model development was 
achieved in-house at very low relative cost. 
 
Target: ED admissions among those aged 65-84 years and those aged 85 and over. 
 
Data sources: Devon-specific data were obtained from the NHS Connecting for Health Spine Portal in 
2010 for a population of 722,383 patients (all ages) registered with 105 general practices. ED 
admissions information was obtained from the NHS PCTs payment claims. Model derivation was 
based on a randomly selected 80 per cent of the study population, and validation on the remaining 
20 per cent. 
 
Variables: For the DPM, the 69 variables employed in the CPM PRM were supplemented with locally 
relevant variables such as duration of GP registration, ambulance use etc. The complete model 
includes data on more than 100 inpatient, outpatient and primary care variables (Sonola et al., 2013). 
Long-term condition variables used Read Codes12 from the general practice data. Model variables 
were based on data for the two-year period prior to August 2010. Outcome measure was ED 
admission in the follow-up year (post August 2010) for the Devon population at any hospital across 
England. Age was the strongest predictor for ED admission. 
 
Risk Score: Patient probabilities for every patient were transformed into a number between 0 and 
100, where 100 indicated highest risk of ED admission. The final DPM included 89 variables and the 
most predictive variable was age. At a risk score threshold of 50, the c-statistic was 0.781 (95% Cl 
0.778-0.783), sensitivity 8.4 per cent, specificity 99.6 per cent, and PPV 54.6 per cent. In the five 
highest at-risk sub-groups, extending to the 16,000 top-ranked patients, the DPM outperformed the 
CPM. Developers are currently looking to improve functionality in Virtual Wards to identify those 
patients at point of take-off (point of accelerated risk) and with PAHs for ACSCs. 
 
Application: The Devon Predictive Model is being used by two clinical commissioning groups (CCG) 
NEW Devon and Torbay to risk stratify ~1.2 million people. The monthly risk reports are securely 
available online for ~160 GP practices so that they may use it to help case find people most at risk of 
admission and case manage them to prevent these admissions under the terms of the National 
Emergency Admission Avoidance DES. To date it has been implemented in 23 Virtual Wards (Lewis et 
al., 2013a, Sonola et al., 2013). Model implementation includes payment to practices. Currently 
linked to 161 general practices, the model makes practice- and patient-level data available to GPs via 
a secure, user-friendly interface with information presented in text and graphical forms. Outputs 
include a 12-month history of a given patient’s risk score and a weighted ranking of single variables 
such that an overview is gained of those variables of greatest importance for that patient. A list of 
the top 0.5 and five per cent at-risk patients for the Devon area is directly accessed by GPs and 
reviewed for possible appointment of a case manager within the Virtual Ward structure in place in 
Devon (Virtual ward=Predictive Modelling + Multidisciplinary Case Management). Approximately 85 
per cent of Virtual Ward patients are identified via the DPM compared to 15 per cent from direct 
                                                          
12 Read codes: hierarchical coded thesaurus for clinical terms and social factors. PHC practitioners record Read Codes for a range of patient 
information, including clinical symptoms, diagnoses, test results, surgical procedures etc. as well as social factors, such as occupation, 
ethnicity etc. 
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referral (Chenore). Important facilitators for the DPM implementation included presence of a GP 
championing the project and establishment of a data sharing agreement between the general 
practices (Sonola et al., 2013). Each practice has a virtual bed allocation, and incentive payments to 
practices are dependent on 80 per cent of ‘beds’ being occupied in any month. Virtual ward staff 
work closely with emergency and out-of-hours services, and in particular have a strong relationship 
with hospital discharge co-ordinators. Cost analyses have proven difficult due to fluctuations in 
hospital admissions and parallel system changes (Lewis et al., 2013a), as well as new restrictions on 
data exchange, and patient-level impact assessments are pending (Sonola et al., 2013).  
 
 
 
Elders risk assessment index (ERA) 
Development: The ERA PRM was developed in the US by the Mayo Clinic to demonstrate use of an 
EMR system to identify frail elderly people most at risk of hospitalisation, and hence at risk for 
functional decline and institutionalisation. The aim was also to address barriers to the use of other 
PRM measures such as the Probability of Repeated Admissions and Community Assessment Risk 
Screen index, including problems related to literacy requirements, time, cost and low response rates 
(Crane et al., 2010). 
 
Target: Community and assisted-living community-dwelling persons, aged 60 years or older and at 
risk for ED visit or hospitalisation. 
 
Data sources: Model variables were extracted based on data for 12,650 people registered in the 
period 2003-2004 on the EMR and administrative databases of the Mayo Clinic’s health system.  
 
Variables: The final model included 12 variables including three age categories, marital status, and 
morbidity, history of conditions (diabetes, dementia, COPD, cancer, stroke, or coronary artery 
disease/ Myocardial Infarction/ chronic heart failure (CAD/MI/CHF). 
 
Risk Score: Scores based on the ERA algorithm range from -7 (lowest) to 32 (highest), and these are 
grouped into five categories, -7:-1, 0:3, 4:8, 9:15. 16+, with an associated odds ratio of hospital visit 
of 0 (reference), 1.9, 3.4, 6.0, and 13.3 compared to the lowest risk group respectively. The ERA 
model c-statistic was 0.705 for hospital visits only and 0.640 for ED visits only. Each variable is 
assigned an ERA index score ranging from 11 points for six or more days in hospital during the 
previous two years to one for history of cancer and minus six for unknown race (Takahashi et al., 
2012). 
 
Application: Although the ERA index was developed to identify frail elderly people most at risk of 
hospitalisation, it has also been used to identify community-dwelling older adults at risk for nursing 
home placement; nursing home residents at risk for 30-day readmission to hospital; and older adults 
at risk for coronary artery bypass graft or percutaneous coronary intervention (CABG or PCI) 
procedures (Sharma et al., 2013, Takahashi et al., 2011, Takahashi et al., 2012). However, all of these 
studies were based on application to the ERA score derivation cohort. In predicting risk of nursing 
home placement within two years, increasing ERA score was directly related to the outcome, with an 
ERA score of 16 or more associated with an odds ratio of 113.21 (95% Cl 76.12-168.36) compared to 
an ERA score of -7 to -1 (lowest score). Specifically, 59 per cent of patients with a score of 16 or more 
were placed in a nursing home compared to less than one per cent in the lowest category. In 
predicting 30-day readmission among nursing home residents, the highest ERA score was not 
associated with a higher risk of readmission; rather the group with an ERA score of 4-8 or 9-15 was 
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significantly associated with this outcome. An optimal ERA score of five for 30-day readmission to 
hospital was identified, but this was associated with a c-statistic of just 0.55, sensitivity of 0.81 and 
specificity of 0.34. The presence of dementia was the most influential variable on risk for 30-day 
readmission in this cohort.  
 
When the ERA score was applied to identify those at greatest risk for CABG or PCI procedure in the 
next two years, increasing ERA score (adjusted for age and sex) was directly related to increasing 
odds of CABG or PCI, ranging from 2.28 in the second lowest category to 15.42 for 16+ both 
compared to the lowest scoring group. For ERA score versus the combined outcome of CABG and PCI, 
the optimal ERA score was four, with a sensitivity of 0.8 and specificity of 0.51, and c-statistic of 0.71 
(95% Cl 0.69-0.73). These outcomes suggest a universality of the ERA tool in identifying frail elderly 
patients at risk for age-related outcomes, at least within this cohort (Sharma et al., 2013). 
 
 
 
Probability of repeated admissions (Pra™) 
Development: The Pra™ model was developed in the US in 1993 to identify elderly people at risk of 
hospital admission (Boult et al., 1993). Use of the Pra™ model to screen older populations is subject 
to copyright as held by the Johns Hopkins Bloomberg School of Public health. 
 
Target: Elderly, community-dwelling people at high risk of two or more hospital readmissions within 
the following 4-year period. 
 
Data sources: Self-reported data corresponding to non-institutionalised Medicare patients for the 
year 1994.  
 
Variables: In the final model, eight factors emerged as risk factors for repeated admission: older age, 
male sex, poor self-rated general health, availability of an informal caregiver, having ever had 
coronary artery disease, and having had, during the previous year, a hospital admission, more than 
six doctor visits, or diabetes. 
 
Risk Score: Responses to the eight questions are converted into a Pra™ score between 0 and 1. A 
Pra™ of ≥ to 0.5 indicates high probability of admission. A systematic review and meta-analysis of 
nine validation studies describing 11 cohorts of individuals aged 65 and older found a c-statistic of 
0.697 based on data for 8,843 individuals (Wallace et al., 2013). Pooled specificity was high (96%, 
95% confidence interval (CI) =95.8–96.7%), indicating that a Pra™ score of 0.5 or greater effectively 
rules in the likelihood of admission, but pooled sensitivity was low (12%, 95% CI=10.5–13.6%). 
 
Application: The PraTM score performs well in predicting hospital admission in community-dwelling 
adults categorised as high risk according to the score. This tool has clinical and healthcare policy 
utility in terms of targeting elderly people at highest risk of hospital admission, but the low pooled 
sensitivity of the score indicates that it may not be a reliable way of excluding hospital admission in 
those stratified as low risk. Independent validation studies for shorter time frames (30-day and 41-
day readmissions) reported low discrimination with c-statistics at less than 0.6 (Allaudeen et al., 
2011, Novotny and Anderson, 2008).  Nevertheless, the PraTM is widely used to identify high risk 
elderly patients in various applications, e.g. a randomised controlled trial conducted over 18 months 
for a Geriatric Evaluation and Management process used PraTM to recruit high-risk patients into the 
trial (Boult et al., 2001). Further, in a recent application of Pra™ in a Spanish cohort of 432 elderly 
patients, the outcomes indicated good specificity (81%) but the tool remained less sensitive (54%), 
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with 30 per cent PPV, and was associated with a c-statistic of 0.67 (Doñate-Martínez et al., 2014). 
These outcomes are very similar or better than reported from the meta-analysis of Pra™ studies, and 
demonstrate the transferability of this tool to other populations. However, the tool is becoming 
outdated in its original form, and newer versions in which self-rated health status has been replaced 
with a chronic disease score or comorbidity index are likely to improve tool relevance (Wallace et al., 
2013). 
 
 
 
Sussex Predictor of Key Events (SPOKE) 
This model was presented in detail in the section covering high-performing models on pages 17 and 
52. In brief and from an ACSC perspective, this model is of interest as it targets identification of 
emergency chronic admissions for COPD, asthma, diabetes, dementia, ischemic heart disease, 
respiratory disease and stroke. However, this model is dependent on use of integrated records to 
collect information on a combination of inpatient, outpatient, ED, and community data relevant to 
the population of interest. Therefore, it may not be suited where integration of information systems 
is not in place.  
 
 
 
Adult Veterans Association: Ambulatory Care sensitive conditions 
This model was also presented in detail in covering high-performing models (see above on pages 17 
and 48) based on demonstrated good discriminative ability. The model is of particular relevance from 
an ACSC perspective as the dependent variables were ACSC hospitalisations in the first 90 days, and 
in the whole year.  
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Appendix F Models demonstrating ease of 
implementation and scale-up 
Combined predictive model (CPM) 
Development: The CPM is an extended model derived from the PARR PRM to identify patients at risk 
of re-hospitalisation (PARR). The CPM is an example of a PRM designed to produce predictions for 
the entire population and not only those who have had a recent hospitalisation (Panattoni et al., 
2011). It identifies risk of hospitalisation (rather than re-hospitalisation) in the coming 12 months. 
This model has been adapted and validated across several settings including Wales, where it is 
referred to as PRISM. 
 
Target: General population.  
 
Data sources: In addition to routinely collected hospital episode data, data from census and 
geographical indicators of deprivation, the CPM uses ‘Read code’ variables from the primary care 
EMR. The model was developed on a 50 per cent random sample of data from two PCTs with a total 
population of 560,000 and validated on the other 50 per cent random sample. All patients in the 
validation sample were ranked based on their risk for ED admission and placed into segments  
(Health Dialog, 2006). Using the CPM, people in the 0.5 per cent of the population with the highest 
predicted risk are 18.6 times more likely than the average patient to have an ED admission in the 
year following prediction.  
 
Variables: Launched in December 2006 (Panattoni et al., 2011), the CPM uses a more comprehensive 
dataset of outpatient data, ED data, general practice data from EMR, inpatient and census data. 
Variables include demographic (gender, age); diagnosis (based on GP read codes), polypharmacy, 
inpatient diagnosis – emergency and non-emergency (ICD-10 codes); complex comorbidity as 
measured using GP-defined group of chronic conditions (asthma, diabetes, COPD, CHD and CHF; 
scores range from 0 to 5; 5 indicates patient has all 5 conditions); each chronic condition has 
separate read code for a variety of risk aspects; deprivation score (LSOA13).  
 
Risk Score: Risk scores range from 0 – 100, with 100 being the highest risk. In the highest risk 
segments where the most intensive outreach will be targeted, such as case management 
interventions, the CPM improves predictive performance.  
 
Application: Croydon PCT has been piloting the practical use of the CPM on behalf of the King’s Fund 
and Health Dialog since May 2006. It has developed a package of care called Virtual Wards that it 
offers solely to people at highest predicted risk. Virtual Wards are one application of the CPM. Virtual 
Wards interventions are being trialled in Devon also (Lewis et al., 2013a, Sonola et al., 2013). 
  
 
 
  
                                                          
13 Lower Layer Super Output Areas (LSOA) are the smallest geographical areas in England and Wales where population and 
a wide range of other datasets are collected. There are approx. 33,000 LSOAs in England and Wales with an average 
population size of 1,600. 
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Length of stay, Acuity of admission, patient Comorbidity, and number of visits to the 
Emergency room (LACE) 
 
Development: Canadian researchers developed a simple predictive tool, the LACE index to identify 
patients’ high risk for death or preventable hospital readmission within 30 days (Gruneir et al., 2011, 
Spiva et al., 2014, van Walraven et al., 2010, van Walraven et al., 2012b, van Walraven et al., 2012a, 
van Walraven et al., 2013, van Walraven et al., 2012c). These models being hospital-based are likely 
to be used in different ways, for example to ensure patients receive the right package of care. 
 
Target: Patients at high risk for preventable hospital readmission within 30 days after discharge. 
 
Data sources: Data for PRM derivation were obtained from administrative databases at a community 
hospital(s) located in the Southeast US (Spiva et al., 2014). In 2010, further external validation was 
established with over one million randomly selected patients (van Walraven et al., 2010) in 11 
community hospitals in Ottawa, Canada. In 2011, further validation in six Toronto hospitals indicated 
the LACE index identified similarities among 50 per cent of high-risk patients readmitted within 30 
days (Gruneir et al., 2011). However, when this model was applied in a different context to elderly 
(≥85 yrs old) patients (N = 507) in the UK, it was concluded that the LACE index was a poor predictor 
for hospital readmission but a better predictor of early death for hospitalised patients (Cotter et al., 
2012). 
 
Variables: Of forty-eight potential risk factors, only four were included in the final LACE tool to 
predict risk of mortality or 30-day readmission. The four factors are: length of stay (L), acute 
admission (A), Charlson Comorbidity Index score (C), and ED admission in previous six months (E) 
(van Walraven et al., 2010). Additional factors were added to LACE variables in the hope of improving 
prediction (Spiva et al., 2014). These variables were derived from administrative databases that 
provided the following data: patient demographic information; living situation at time of discharge; 
ICD-9-CM codes; discharge status (i.e. home, facility transfer, home health, rehabilitation, or 
expired); season of discharge (i.e. spring, summer, fall, and winter); health insurer status (i.e. private, 
self-pay, Medicare, and/or Medicaid); consultations during inpatient hospital stay (categorised 
according to medical specialty); hospital complications (categorised by specialty); and ED admission. 
One study researcher manually abstracted data from the EMR at the date of discharge using a 
standardised tool (activities of daily living (ADLs), comorbidities, functional status prior to discharge, 
number and type of new prescribed medications at discharge, LACE score, and any missing data 
retrieved from the administrative database) (Spiva et al., 2014). However, authors concluded that 
the LACE index with additional risk factors did little to improve predictive capability, while adding to 
the model’s complexity. 
 
Risk Score: LACE scores ranged from 0 to 19. Patients who scored a LACE score of 10 or higher 
signalled a greater risk of 30-day readmission or death (Gruneir et al., 2011, van Walraven et al., 
2010). The LACE index was deemed accurate (c-statistic: 0.684; 95% confidence intervals, 0.65–0.71) 
to predict 30-day unplanned readmission or death (van Walraven et al., 2010). 
 
More recently, a LACE score of eight instead of 10 was used as the cut-off value to predict the 
readmission status of each patient and to optimise the model’s predictive ability (Spiva et al., 2014). 
The cut-off value of a LACE index greater than or equal to eight provided greater sensitivity (75.8% 
vs. 49.1%) with lower specificity (53.1% vs. 78.0%) than the LACE index cut-off value of greater than 
or equal to 10. The model has a c-statistic value of 0.774. 
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Application: Kaiser Permanente North West (KPNW) won the Lawrence Patient Safety Award in 2011 
for developing and implementing transitional bundles of care in their region. Subsequent Kaiser 
Permanente Southern California (KPSC) has applied this bundle to target 30-day readmissions in their 
region (Tuso et al., 2013). This application of the Transition in Care programme includes bundle 
elements: standardised discharge summary, medication reconciliation, a post-discharge phone call, 
timely follow-up with a primary care physician and a special transition phone number on discharge 
instructions and importantly risk stratification. Risk stratification was implemented using the LACE 
strategy. Retrospective application of the LACE strategy to more than 300,000 KPSC Health Plan 
discharges over a 12-month period reported readmission prediction curves that were almost 
identical to readmission curves in KPSC (van Walraven et al., 2010). Following validation in this 
population, the feasibility of dividing LACE scores into three groups: low (0-6), medium (7-10) and 
high risk (11-19) was assessed. Comparison of observed-over-expected readmission ratio, as defined 
by the National Committee for Quality Assurance in 2012, indicated that high-risk group for all 13 
KPSC medical centres had an observed-over-expected ratio much greater than 1.0. The low-risk 
group had an observed-over-expected ratio much lower than 1.0, concluding that the LACE tool 
could discriminate high-risk and low-risk populations. For efficient and effective resource delivery, 
the implementation of transition in care bundle elements have been assigned to low, medium, and 
high LACE scores (Tuso et al., 2013). 
 
Software: A LACE calculator was made available within the EMR within the KPSC Health plan (Tuso et 
al., 2013). 
 
 
 
Predictive Risk Stratification Model (PRISM) 
Development: PRISM is a predictive risk tool that stratifies a general practice population into four 
levels based on the individual risk of an ED admission to hospital in the following 12 months; level 
four represents the category of highest risk. Patient’s individual risk is scored between 0 (no risk) and 
100 (very high risk). The model requires a minimum of two years of historical data (primary and 
secondary care) to predict ED admissions for the following year (Informing Healthcare, 2010). This 
model is the Welsh equivalent of the UK CPM, based on use of inpatient, outpatient, census and 
general practice data. An important omission from the original model is the absence of ED data, and 
this was due to the unavailability of data. 
 
Target: Primary practice patients. 
 
Data sources: Originally commissioned by the NHS in Wales, data were obtained from the Welsh 
health care system databases including information on inpatient, outpatient and primary care 
episodes and socioeconomic data (employment, environment, education and health) from the Welsh 
Index of Multiple Deprivation. The model was developed using data for approximately 300,000 
anonymised general practice patients representing 10 per cent of the Welsh population. 
 
Variables: A total of 37 variables were included in the final PRISM PRM, covering patient 
demographics and data from primary and secondary care record systems. For example, data from GP 
records included: disorders, procedures, drugs, polypharmacy, biometric variables, and chronic 
conditions. PRISM is analogous to the CPM. Refer to the CPM (p 21) for specific variables.  
 
Risk Score: PRISM stratifies patients into four risk levels according to the relative risk within the 
practice as a whole. The default stratification levels are: Level 4 - 0.5 per cent of patients with highest 
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risk; Level 3 (moderate risk) – top 0.5-5 per cent; Level 2 (low risk) – between 5 and 20 per cent; 
Level 1 (very low) – remaining 80 per cent of patients. 
 
Application: A 3-month pilot project among 25 general practices was initiated and extended to 13 
Chronic Conditions Management Demonstrator areas in 2009. An evaluation study of this pilot phase 
demonstrated wide interest in further use of the model and a positive impact on multidisciplinary 
team approaches (Kingston, 2010). In 2010, it was rolled out across Wales as the national Welsh 
Predictive Risk Service (WPRS). The model is currently the focus of a randomised controlled trial 
assessing use in general practice (PRISMATIC), and charged with the aim of collecting information on 
costs and effects of PRISM, how it is used in practice, barriers and facilitators and its perceived value 
in management of patients with, or at risk of developing, chronic conditions. However, a number of 
qualitative studies have also been conducted to engage with health care staff actively using PRISM, 
and as well as considerable enthusiasm for the tool, some concerns were raised around the issue of 
anomalies between user understanding and PRISM predictions. This may suggest the need for 
further training, but also cautions against development of a ‘black box’ tool (Kingston, 2010). 
 
Software: As a component of the pilot project evaluation, a methodology for data flow between 
general practices and the Health Solutions Wales data warehouse (core information files for 
inpatient, outpatient, general practice and membership list data) was established (Lyons 2009). The 
PRISM algorithm was integrated into this data software package to create the PRISM web-tool, and 
after installation on practice computers, GPs can access and input information through a user-
friendly interface of screens to view practice- or patient-level data. The WPRS is the national service 
providing access to the PRISM web-tool. General practices need to register to use the tool, but then 
retain control as to who can access and view stratified data (Informing Healthcare, 2010). 
